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Detailed chemical kinetics is critical for accurate prediction of complex flame behaviors,
such as ignition and extinction in engine applications, but difficult to be applied in multidimensional flame simulations due to their large sizes. Reduced-order models are needed in such
cases to enable high fidelity combustion simulations. This dissertation is focused on developing
new model reduction strategies and reduced-order models for engine combustion applicatio ns.
First, a linearized error propagation (LEP) method for skeletal mechanism reduction is proposed.
LEP is based on Jacobian analysis of perfectly stirred reactors (PSR) and can more accurately
predict the propagation of small reduction errors compared with the previous methods of directed
relation graph (DRG) and DRG with error propagation (DRGEP). Skeletal models generated by
using LEP are further validated for auto-ignition and 1-D laminar premixed flames to demonstrate
the feasibility of reaction state sampling using only PSR for mechanism reduction. Second, a direct
method is developed to accurately and efficiently compute the ignition and extinction turning
points of PSR by solving a local optimization problem formulated based on analytic Jacobian. It
is shown that the direct method features significantly better accuracy and efficiency compared with
the continuation methods that march along the S-curves. Third, reduced and skeletal mechanis ms
for gasoline surrogates with and without ethanol are developed based on a 1389-species detailed
mechanism developed by the Lawrence Livermore National Laboratory (LLNL). The skeletal
reduction was performed with DRG, sensitivity analysis, isomer lumping, and the time-scale based
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reduction is based on linearized quasi-steady-state approximations. The skeletal and reduced
mechanisms are extensively validated against the detailed mechanism and available experimenta l
data for ignition delay time and flame speed. The skeletal mechanism is employed in cooperative
fuel research engine simulations and the results agree well with experimental data. Lastly, skeletal
mechanisms are generated for three gasoline/bio-blend-stock surrogates respectively based on a
2878-species detailed LLNL mechanism for engine simulations. An upgraded solver combining
analytical Jacobian and sparse matrix techniques is employed to accelerate the reduction process,
such that the reduction time becomes linearly proportional to the mechanism size and a speedup
factor of approximately 100 is achieved.
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Chapter 1. Introduction
1.1. Motivation
Combustion is a fundamental and essential energy conversion process and is vital to almost
every aspect of our daily life. Combustion energy has been a primary energy source to our heating
and cooking needs since the ancient time. Combustion of fossil fuels, such as coal, natural gas,
gasoline, kerosene, and diesel, has been the major energy source for electricity generation,
transportation, and propulsion in modern days. It is shown in Table 1-1 that more than 80% of the
global energy consumption in 2018 was attributed to the combustion of fossil fuels [1]. Figure 1-1
further shows BP’s energy outlook of the next thirty years [2], that fossil fuels will remain as the
major energy source despite the rapid growth in renewable energy sources.

Table 1-1. Global energy consumption by fuel in 2018 [1]
Category

Energy consumption (Mtoe)

Shares (%)

Oil

4662.1

33.62

Natural gas

3309.4

23.87

Coal

3772.1

27.21

Nuclear energy

611.3

4.41

Hydro-electricity

948.8

6.84

Renewables

561.3

4.05

Total

13864.9

100

1

Figure 1-1. Energy outlook predicted by the BP Company [2].

However, although combustion energy is vital to the society, combustion applicatio ns
inevitably contribute to the emission of pollutants, such as carbon monoxide, sulfur oxides, and
nitrogen oxides, which lead to many health, environmental and societal issues [3]. Therefore, one
of the primary objectives of combustion research is to improve fuel efficiency and reduce polluta nt
emissions through improving engine design. Thanks to the rapid growth in computatio na l
capabilities and improvement in computing techniques,

high-fidelity computational fluid

dynamics (CFD), such as large-eddy simulations (LES) and direct numerical simulations (DNS),
has been playing a more and more important role in understanding combustion processes and
optimizing engine designs over the last few decades [4].
Detailed chemistry has been critical to accurate prediction of complex flame behaviors and
limit combustion phenomena, such as ignition, extinction and flame propagation [4,5]. A major
challenge of incorporating detailed chemistry in CFD simulations is attributed to the large number
of species and reactions as shown in Figure 1-2 [4]. It is seen that combustion of transportatio n
fuels may involve thousands of species and tens of thousands of reactions, and newer mechanis ms
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tend to be larger because newly measured and/or calculated reaction pathways keep on being added
to existing mechanisms. To address this challenge and reduce the computational cost associated
with large detailed chemistry, the present study is focused on developing reduced mechanisms and
new reduction strategies for engine applications.

2-methyl alkanes (LLNL)
methyl palmitate (CNRS)

Number of reactions, I

10

Ranzi mechanism
comlete, ver 1201

4
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2
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3

10

4

Number of species, K

Figure 1-2. Dependence of mechanism size for selected hydrocarbon fuels on molecular sizes and
mechanism release dates [4].

1.2. Background
1.2.1. Mechanism Reduction Methods
Various mechanism reduction methods have been developed over the last few decades at
two primary levels. The first level is skeletal reduction, which is to identify and retain a subset of
species and reactions in the detailed mechanism while still being able to predict selected flame
features with reasonable accuracy. Methods for skeletal reduction include, for example, sensitivity
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analysis [6], principal component analysis [7], Jacobian analysis [8], optimization [9,10], detailed
reduction [11], directed relation graph (DRG) [12–14], DRG with error propagation (DRGEP)
[15], path flux analysis (PFA) [16], transport-flux-based DRG [17], multi-element flux analysis
[18], betweenness centrality [19], and the combination of sensitivity analysis and graph-based
methods, such as DRG aided sensitivity analysis (DRGASA) [20,21] and DRGEP and sensitivity
analysis (DRGEPSA) [22]. The second level of reduction is based on timescale analyses that
approximate exhausted fast chemical processes with algebraic equations. Quasi-steady-state
approximations (QSSA) [23] and partial equilibrium assumptions (PEA) [24] are canonical
examples of timescale analyses. In particular, QSSA have been extensively applied and automated
for systematic mechanism reduction [25]. Timescale analyses for general systems typically require
eigenanalysis to decouple the fast and slow modes, e.g. in the method of intrinsic low-dimensio na l
manifold (ILDM) [26–28]. Computational singular perturbation (CSP) can decouple fast and slow
processes in nonlinear problems with a higher order of accuracy [29–32]. Eigenanalysis can be
employed to further distinguish between quasi-steady state and partial equilibrium processes in
complex kinetic systems [33], and equilibrium-controlled fast species can be approximated by
using rate-controlled constrained equilibrium (RCCE) [34–36].
In addition to skeletal reduction and timescale analyses, lumping is another reduction
approach that is worth mentioning. Mechanisms of large hydrocarbons typically consist of a large
number of isomers, which feature similar thermodynamic and transport properties, therefore the
governing equations of the isomers can frequently be grouped if their intragroup mole fractions
can be predicted based on the concentration of the entire group [37–40]. The method of isomer
lumping can be particularly useful in reducing large hydrocarbon mechanisms, such as gasoline,
diesel, and biodiesel fuels [41,42].
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1.2.2. Turning Points of Perfectly Stirred Reactors
Ignition and extinction are transitions between burning and non-burning states. There are
many practical applications that are relevant to ignition and extinction phenomena, such as engine
start-up, flame stabilization, and fire safety applications. Therefore, it is important to include
ignition and extinction states in the sample reaction states for mechanism reduction, such that the
resulting mechanisms can predict the limit flame behaviors.
Steady-state perfectly stirred reactors (PSR) provide a simple and effective approach to
study ignition and extinction limits relevant to continuous flow combustors. The ignition and
extinction states of PSR are typically associated with the turning points on the S-curves as
illustrated in Figure 1-3 [43]. The S-curve is a profile of a dependent variable, e.g. temperature or
burning rate, as a function of residence time or the Damköhler number, Da, which represents the
ratio of characteristic mixing time to a chemical reaction timescale.

Figure 1-3. A representative S-curve with ignition and extinction states [43].
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The S-curve typically consists of three branches, namely the upper, middle and lower
branches, connected by two turning points. The upper and lower branches are physically stable
and involve strongly- and weakly-reacting states, respectively. While the middle branch is
physically unstable and thus is typically inaccessible in experiments. The upper turning point is
commonly regarded as the extinction state of strong flames, as further reducing the residence time
quenches the system and the solution jumps to the lower branch. The lower turning point is known
as the ignition state as the system jumps to the upper branch with further increased residence time.
Due to the importance of the limit phenomena, numerically obtained ignition and extinctio n
states associated with the turning points on S-curves have been routinely compared with
experimentally measured limit flame conditions [20,44–48]. Moreover, the extinction residence
time is frequently selected as a target parameter in mechanism reduction and validation processes
[4,14,20,49,50].

1.2.3. Engine Simulations with Gasoline and Gasoline/Ethanol Surrogates
Transportation powered by combustion engines burning liquid petroleum-based fuels is
critical to the modern economy and accounts for about 20% of the total energy consumed [51] and
14% of the emission of global greenhouse gases (GHG) [52]. About 40% of the global transport
energy demand is attributed to gasoline spark-ignition (SI) engines commonly used in cars [53].
As such improving SI engine efficiency can significantly reduce the global fuel consumption and
pollutant emissions. Knocking is a major issue limiting the fuel efficiency in SI engines, and is
caused by end-gas auto-ignition before spark-triggered flame propagation consumes the end gas
in the combustion chamber. Knocking can cause rapid pressure fluctuations and can potentially
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damage critical engine parts such as the liner and piston. Therefore, developing knock mitiga tio n
strategies is critical in improving the performance of SI engines [54].
Multidimensional computational fluid dynamics (CFD) can serve as a valuable tool in
understanding the interaction between fuel properties and engine operating conditions. However,
gasoline fuels derived from petroleum comprise thousands of individual hydrocarbons includ ing
alkanes, olefins, cycloalkanes, and aromatics, rendering the determination of the exact compositio n
impractical [55]. Such that, simple surrogate fuels, consisting of a small number of compounds,
are often adopted to approximate the physical and chemical properties of real gasoline fuels. For
example, commonly used gasoline surrogates are the primary reference fuels (PRF), which are
binary mixtures of n-heptane and iso-octane. The anti-knocking behavior of gasoline is
characterized by research and motor octane numbers (RON, MON), and a higher octane number
indicates a higher knock resistance [56]. RON and MON are evaluated in a standard “Cooperative
Fuels Research” (CFR) engine under two differing engine conditions respectively [57]. Since by
definition, the PRF surrogates have zero sensitivity (S = RON-MON), it fails to emulate the
ignition behavior of commercial gasoline fuels with high non-paraffinic content due to the fact that
high non-paraffinic gasoline fuels have a relatively high octane sensitivity. Therefore, to match
both RON and MON, toluene primary reference fuel (TPRF) comprised of iso-octane, n-heptane,
and toluene have been proposed as a more suitable gasoline surrogate recently [58,59]. The
composition of a TPRF to match the target RON and MON can be determined by a simple
correlation for a wide range of octane numbers [60]. Meanwhile, alcohols have been suggested as
an engine fuel almost since the automobile was invented [61] and among the various alcohols,
ethanol is known as the most suited fuel for SI engines and has already been widely used in the
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United States as an additive to gasoline since it has high ON and can be produced from renewable
energy sources such as agricultural feedstock [62,63].
Therefore, accurate kinetic models for TPRF with ethanol are needed to predict knocking
in engine simulations. While the detailed mechanism for gasoline surrogates developed by the
Lawrence Livermore National Laboratory (LLNL) is comprised of 1389 species and 5935
elementary reactions [64], an accurate reduction and comprehensive validation process, involving
low-temperature chemistry, is required to generate a suitable sized mechanism for CFD.

1.2.4. Bio-blend-stock with the Potential to Optimize Engine Performance
To more appropriately quantify the antiknock quality of fuels under different in-cylinder
conditions, octane index, OI=RON-K*S, is proposed [65,66], where K is determined by the
pressure-temperature history of the unburnt mixture in the combustion chamber and K equals zero
and unit at the RON and MON conditions respectively by definition. It is seen that as K becomes
negative, which is typically true for modern downsized boosted SI engines, fuel with a high RON
and S can be more knock resistance [67–71]. Such that, investigating potential bio-blend-stock
that can be blended with gasoline to increase both RON and S is one focus of the U.S. Department
of Energy’s Co-Optimization of Fuels & Engines (Co-Optima) initiative, which aims to maximize
energy efficiency and minimize environmental impact.
In Co-Optima, a three-stage tiered process is used to comprehensively assess the
blendstocks. Tier 1 focused on the properties of the individual bio-blend-stocks and bio-blendstocks that meet the requirement of melting and boiling points, solubility, corrosivity, toxicity,
handling safety and biodegradability were identified [72]. Tier 2 focused on the properties of
mixtures of the bio-blend-stocks and various gasoline. In Tier 2, a combination of experimenta l
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measurements and computational approaches based on machine learning and group contributio n
were used and gasoline/bio-blend-stocks blends that meet the requirement of octane number,
vaporization heat, and heating value were identified. After Tier 1 and 2 assessments, eight
representative bio-blend-stocks shown in Figure 1-4 were identified and are currently undergoing
the Tier 3 assessment which focuses on evaluating their ability in improving engine efficie nc y
[73]. In the Tier 3 evaluations, engine simulations are widely adopted to assess the engine
performance of different gasoline/bio-blend-stocks blends and efficient mechanism reduction
methods are required to incorporate the extreme large-sized detailed mechanism consisting of 2878
species developed by LLNL [74] in CFD simulations.

Figure 1-4. Eight representative bio-blend-stocks identified for the Tier 3 evaluation [73].

1.3. Objectives and Structure of the Dissertation
This dissertation aims to develop improved reduction strategies and generate accurate
reduced mechanisms amenable for 3-D SI engine simulations. In Chapter 2, a linearized error
propagation (LEP) method for skeletal mechanism reduction is proposed. The basic concepts and
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formulations of DRG and DRGEP are first reviewed. The error estimation in LEP is then compared
with that in the DRG and DRGEP methods for both local and global reduction cases. Lastly, global
skeletal mechanisms for ethylene and n-heptane are obtained by using LEP and validated against
the detailed mechanisms.
In Chapter 3, a direct method for calculating the turning points of PSR is proposed and
compared with the commonly used arch-length continuation method. Sensitivity analyses of the
ignition and extinction turning points in PSR are performed by the newly developed analytica l
method. Important reactions to the ignition and extinction turning points of PSR are identified and
discussed.
In Chapter 4, reduced and skeletal mechanisms for SI engine combustion of gasoline and
gasoline/ethanol surrogates were developed from the detailed LLNL mechanism by using DRG,
sensitivity analysis,

isomer lumping and the linearized quasi-steady-state approximatio ns

(LQSSA). The reduction was based on reaction states sampled under a wide range of temperature,
pressure and equivalence ratio, including the negative temperature coefficient (NTC) region. The
reduced and skeletal mechanisms were extensively validated against the detailed mechanism and
available experimental data for ignition delay time and flame speed, which are of great importance
to SI engine simulations, over a wide range of surrogate compositions and operating conditions .
The skeletal mechanism was further employed to predict the critical compression ratio in a CFR
engine simulation, which agrees well with experimental data.
Chapter 5 presents three highly reduced skeletal mechanisms for TPRF/di-isobutyle ne,
TPRF/anisole, and TPRF/iso-butanol, developed by using DRG, LEP and sensitivity analysis, and
validated against the detailed mechanism for ignition delay time, PSR extinction residence time
and flame speed. To speed up the iterative ignition delay time evaluations in the sensitivity analysis,
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the ODE solver was improved by using analytical Jacobian and sparse matrix techniques, and the
computational time was significantly reduced.
Chapter 6 presents the major conclusions obtained through the present study and discusses
possible future extensions.
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Chapter 2. A Linearized Error Propagation Method for Skeletal Mechanism Reduction
2.1. Introduction
Skeletal reduction is to obtain a subset of species and reactions in a detailed chemical
kinetic mechanism that can reasonably predict selected flame features with a reduced
computational cost. Methods of skeletal reduction are extensively reviewed in Section 1.2.1.
The key to skeletal reduction is to eliminate species and/or reactions without incurring
errors larger than a tolerable threshold value. Due to the nonlinearity in detailed chemical kinetics ,
probably the only approach to obtain the exact errors induced by the elimination of species is the
global sensitivity analysis (GSA), which directly compares the solutions before and after
elimination to measure the actual reduction errors. However, brute-force GSA involves a large
number of possible sequences for species eliminations, such that an exhaustive search for the
smallest skeletal mechanism using GSA is typically computationally infeasible. To avoid the
expensive GSA, reduction algorithms with a priori error control, that is to use a pre-specified
threshold value to effectively limit the worst-case reduction error, is required. Due to the strong
nonlinearity of chemical kinetics, systematic a priori error control can only be achieved for small
reduction errors as the error propagation can be linearized. For instance, in the literature, DRG has
been able to effectively control the worst-case errors for all the species in skeletal mechanisms for
an error threshold of O(0.1), by assuming that errors may not decay along the graph-search paths
[75]. However, if only the errors in the target species are of interest, the no-decay assumption in
DRG may overestimate the reduction errors in the target species in certain cases, such that the
resulting skeletal mechanisms may be further reduced, for example, by using GSA based methods
[20]. In contrast, DRGEP aims at controlling the errors only in selected target species and assumes
geometric error-decay along graph-search paths. The geometric error-decay model in DRGEP is
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nevertheless rather aggressive and may under-estimate reduction errors in species far downstream
of the graph-search paths, resulting in unsafe species eliminations [76]. As such, accurate error
propagation models are needed to minimize the possibility of unsafe species eliminations in graphbased skeletal reduction methods.
In the present study, a linearized error propagation (LEP) method is developed based on
Jacobian analysis to accurately predict the propagation of small reduction errors. First, LEP is
formulated based on steady-state PSR, which involves reaction states relevant to both ignition and
extinction problems. LEP is then compared with DRG and DRGEP for reduction of ethylene
mechanism in term of reduction error prediction. Lastly global skeletal mechanisms are obtained
with LEP for ethylene and n-heptane based on reaction states sampled from PSR. The skeletal
mechanisms are further validated in auto-ignition and 1-D laminar premixed flames to demonstrate
the feasibility of using only PSR for the reaction state sampling.

2.2. Methodology
2.2.1. Reaction State Sampling
In skeletal mechanism reduction, an unimportant reaction can be slow due to a small
reaction rate coefficients, which is typically in the Arrhenius form and is temperature dependent,
and/or low reactant concentrations. Therefore, skeletal reduction is sensitive to the selection of the
species composition space, and typically must be performed based on reaction states sampled from
selected elementary reactors or flames such as auto-ignition, PSR, and 1-D laminar premixed or
non-premixed flames. Multi-dimensional simulations using detailed chemistry are typically
computationally expensive and are rarely employed for the reaction state sampling. To extend the
reduced mechanisms obtained from elementary reactors to the more complex multi-dimensio na l
flames, the solutions from the selected elementary reactors must be relevant to the reaction states
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involved in the complex flames. Therefore, the selection of elementary reactors for reaction state
sampling is a critical step in mechanism reduction.
Previous studies show that reduced mechanisms based on reaction states sampled from
auto-ignition and PSR over an adequate range of temperatures, pressures, and equivalence ratios
can typically be extended to more complex flames without incurring significantly larger errors [4].
This is because most practical combustors are built based on two major reaction modes. The first
depends on auto-ignition, which is rate-controlled by the radical explosion process. An example
of this type of combustor is the compression ignition engines, where a hot flame does not exist
initially such that radicals can only build up through the relatively slow chain branching reactions.
The thermal runaway subsequent to radical explosion is typically significantly faster, such that the
ignition delay time for auto-ignition is typically dominated by the radical explosion stage. The
second type of combustion mode is relevant to PSR, in which reactants are quickly mixed into hot
products with high radical concentrations. The slow radical explosion stage is therefore bypassed,
and the overall combustion process can be significantly faster. This type of combustion is typical
for flames in recirculation zones, which can be induced by a bluff body or cavity, the reaction zone
of non-premixed flames, propagation of premixed flames, and flame extinction problems.
In the present study, only reaction states sampled from PSR will be employed for the
reduction considering that the S-curve of PSR including both the ignition states, which are near
the lower turning point and are typically rate-controlled by radical pool build-up, in addition to the
extinction states near the upper turning point. The reaction states from auto-ignition can, therefore,
be replaced by those from the lower portion of the PSR S-curve. Note that the entire PSR S-curves
can be obtained by the arc-length continuation method [77,78] or simply switching between
temperature and residence time as the dependent variable when marching across the turning points.
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2.2.2. Formulation LEP Based on PSR Solutions
The key component of the LEP method is to accurately predict errors in selected target
species induced by the elimination of other species. In the following, LEP will be formulated based
on solutions from steady-state PSR, the governing equations for which can be expressed as
𝜔𝑖 + 𝑠𝑖 = 0, 𝑖 = 1, … , 𝑛𝑠 + 1
𝜔𝑖 =

𝜔𝑛𝑠 +1 = −

𝑚̇ 𝑖
𝑌𝑖0 − 𝑌𝑖
, 𝑠𝑖 =
, 𝑖 = 1, … , 𝑛𝑠
𝜌
𝜏

∑𝑖=1,𝐾(𝑚̇ 𝑖 ℎ𝑖 )
𝜌𝑐𝑝

, 𝑠𝑛𝑠 +1 =

(2-1)

∑𝑖 =1,𝐾 (𝑌𝑖0 (ℎ0𝑖 − ℎ𝑖 ))
𝜏𝑐𝑝

where ω and s denote the reaction and mixing source terms, respectively, ṁ is species mass
production rate, ρ is density, Y is species mass fraction, h is species-specific enthalpy, which is a
function of temperature T, cp is the mixture-averaged constant-pressure heat capacity, and τ is the
residence time. Subscript 𝑖 indicates the ith species, ns is the total number of species. Superscript 0
indicates the inlet condition. Note that the above ns+1 equations can be used to solve for all the
species mass fractions together with T or τ, whichever selected to be a dependent variable with the
other being a specified parameter.
When a species is eliminated in skeletal reduction, all the reactions involving this species
are eliminated and excluded from the evaluation of ṁ. The remaining equations in (2-1) change
from
𝝎𝒓 (𝒚∗ ) + 𝝎𝒆 (𝒚∗ , 𝑌𝑒∗ ) + 𝒔(𝒚∗ ) = 0

(2-2)

𝝎𝒓 (𝒚) + 𝒔(𝒚) = 0

(2-3)

to
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where ωr and ωe indicate reaction source terms related to the remaining reactions and eliminated
reactions, respectively, and s is the mixing term. y is the vector of the remaining species mass
fractions and temperature. The superscript * indicates the original solution without the species
elimination and 𝑌𝑒∗ is the mass fraction of the eliminated species. Comparing Eqs. (2-2) and (2-3),
the errors induced to the remaining variables, 𝛿𝒚 = 𝒚 − 𝒚∗, can be linearly approximated as
𝛿𝒚 ≈ (𝑱𝒔 + 𝑱𝝎 )−1 𝝎𝒆 ,
𝑱𝝎 =

∂𝝎𝒓
,
∂𝒚∗

𝑱𝒔 =

∂𝒔
∂𝒚∗

(2-4)

where Jω and Js are the Jacobian matrices of ωr and s, respectively. The Jacobian matrices in the
present study are evaluated analytically to ensure a high accuracy [79]. Note the right-hand side of
Eq. (2-4) is assessed based on the original solution 𝒚∗ and 𝑌𝑒∗, therefore the errors are estimated
without solving the new governing equations. Based on Eq. (2-4), the relative error of species A
induced by the elimination of species B can be approximated as
LEP
𝑅𝐴𝐵
=

|𝛿𝑌𝐴 |
𝑌𝐴 + |𝛿𝑌𝐴 |

(2-5)

The importance of species B to species A can thereby be determined by comparing the relative
error with a small threshold value, say 0.1. Note that the relative error in temperature or residence
time, whichever selected to be a dependent variable, can be defined similarly to that for a species.

2.2.3. Review of DRG and DRGEP
DRG and DRGEP are first reviewed to make a comparison with LEP. The key step in DRG
is to quantify the pair-wise relative error directly induced to species A by the elimination of a
species B as
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DRG
𝑟𝐴𝐵

=

𝑚𝑎𝑥 |𝜈𝑖,𝐴 𝜔𝑖 𝛿𝐵𝑖 |
𝑖

𝑚𝑎𝑥 |𝜈𝑖,𝐴 𝜔𝑖 |
𝑖

𝛿𝐵𝑖 = {

(2-6)

1, if the 𝑖 th reaction involves species 𝐵,
0,
otherwise,

where the subscripts i, A, and B indicate the ith elementary reaction and species A and B,
DRG
respectively. ν is the stoichiometric coefficient, and ω is the net reaction rate. A large 𝑟𝐴𝐵

indicates that B is important for the reaction rate of species A and thus should be retained if A is
retained. Note that Eq. (2-6) is a definition that works better for mechanisms with a large number
of isomers [14] than the original definition in Ref. [12]. In addition to the directly induced error,
eliminating B may induce errors to A indirectly by affecting other species that directly or indirectly
affect A.
DRG assumes that the error does not decay along the graph-search paths, and the indirect
error for a specific search-path p from A to B is controlled by the smallest r-value along the path,
i.e.
DRG
DRG
𝑟𝐴𝐵
,𝑝 = 𝑚𝑖𝑛 𝑟𝑆𝑖 𝑆𝑖 +1 , 𝑆1 = 𝐴, 𝑆𝑛 = 𝐵.
𝑖

(2-7)

The overall relative error in species A induced by the elimination of species B can then be estimated
as the maximum error among all the paths from A to B:
DRG
DRG
𝑅𝐴𝐵
= 𝑚𝑎𝑥 𝑟𝐴𝐵
,𝑝 .
𝑝

(2-8)

DRG
If a species A is to be retained in a skeletal mechanism, every species B with 𝑅𝐴𝐵
> 𝜀, where ε is

a threshold error tolerance, should be retained as well. Calculation of the R-values in Eq. (2-8) was
achieved in DRG through a recursive graph search starting from species A, which can be the H
radical or any other species of interest.
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In contrast, DRGEP assumes geometric error damping along a graph-search path, and the
path-specific error in species A induced by the elimination of species B is defined as
DRGEP
DRGEP
𝑟𝐴𝐵
= ∏𝑛−1
,𝑝
𝑖 =1 𝑟𝑆𝑖 𝑆𝑖 +1 , 𝑆1 = 𝐴, 𝑆𝑛 = 𝐵,

(2-9)

with the direct error defined as
DRGEP
𝑟𝐴𝐵
=

|∑𝑖=1,𝑛𝑅 𝜈𝑖,𝐴 𝜔𝑖 𝛿𝐵𝑖 |
𝑚𝑎𝑥 (𝑃𝐴 , 𝐶𝐴 )

(2-10)

𝑅
𝑅
𝑃𝐴 = ∑𝑛𝑖=1
𝑚𝑎𝑥(0, 𝜈𝑖,𝐴 𝜔𝑖 )，𝐶𝐴 = ∑𝑛𝑖=1
𝑚𝑎𝑥(0, −𝜈𝑖,𝐴 𝜔𝑖 )

where nR is the total number of reactions. PA and CA are the production and consumption rates of
species A, respectively. Note that the definition in Eq. (2-10) ensures that 𝑟𝑆DRGEP
≤ 1. Similar to
𝑖 𝑆𝑖 +1
Eq. (2-8), the overall reduction error in species A induced by the elimination of species B in
DRGEP is estimated as
DRGEP
DRGEP
𝑅𝐴𝐵
= 𝑚𝑎𝑥 𝑟𝐴𝐵
.
,𝑝
𝑝

(2-11)

2.3. Results and Discussion
2.3.1. Comparison of Reduction Errors
LEP is first compared with DRG and DRGEP in error estimation based on PSR solutio ns
for stoichiometric ethylene/air under inlet temperature of 1000 K and pressure of 0.5-10 atm. The
USC-Mech II [80] is used as the detailed mechanism and H radical is selected as the target species
in the following comparison since H is an essential radical for hydrocarbon fuels and has been
used as the starting species in DRG [9, 24, 26].
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Figure 2-1. Measured vs. estimated reduction errors for the target species, H, induced by singlespecies eliminations, at the extinction states for PSR of stoichiometric ethylene/air under inlet
temperature of 1000 K and pressure of 0.5-10 atm.

Single-species eliminations are performed on the extinction states of the S-curves, and the
error in H concentration induced by a species elimination is measured by comparing the PSR
solutions at given temperatures with and without the species elimination. Meanwhile, the reduction
errors induced to H are estimated by LEP, DRG, and DRGEP respectively based on Eqs. (2-3) to
(2-10). Figure 2-1 shows the measured vs. estimated errors with the dashed trend line showing the
ideal scenario. It’s seen that the errors estimated by using LEP is mostly identical to the measured
values for small errors, say less than about 0.1, while discrepancies are observed for larger errors
as the linear approximation in Eq. (2-3) starts to fail. In contrast, the measured errors are almost
always smaller than the estimated errors for DRG, as the data points scatter mostly below the 1:1
trend line, indicating that the species elimination in DRG is safe but may result in under-reductio n
if only the target species is of interest. In DRGEP, the data points scatter on both sides of the 1:1
trend line, and thus the species elimination may result in errors larger than the specified threshold
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values. In the literature, threshold values in the order of 10 -2 are typically used in DRGEP-based
reduction, while threshold values in the order of 10 -1 are typically used for DRG-based reduction.
Skeletal mechanisms are then derived locally by eliminating all the species with an
estimated error smaller than the specified threshold value for the extinction states of PSR in the
same parameter range as that of Figure 2-1. It is noted that due to the nonlinearity of chemical
kinetics, the error induced by the elimination of a group of species is typically not equal to the
summation of the errors induced by eliminating each individual species. Figure 2-2a shows the
measured worst-case error in the target species vs. the user-specified threshold value. It is seen that
the measured errors for the skeletal mechanisms obtained by using LEP are no longer identical to
the threshold value due to the error accumulation and/or cancellation effect in the multi-spec ies
elimination process. However, the errors by LEP are overall significantly closer to the ideal 1:1
trend line than those of DRG and DRGEP, showing that LEP can estimate the errors in the target
species more accurately than the other two methods.
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Figure 2-2. Worst-case reduction error in (a) the target species only, and (b) all the retained species,
as a function of the user-specified threshold value in LEP, DRG, and DRGEP, at the extinctio n
turning point for PSR of stoichiometric ethylene−air under inlet temperature of 1000 K and
pressure of 0.5 to 10 atm.

Figure 2-2b further shows the worst-case errors among all the retained species in the
skeletal mechanisms vs. the user-specified threshold value. It is seen that DRG accurately controls
the worst-case error in such cases, while LEP and DRGEP cannot effectively control the error with
the user-specified threshold value. This unique feature of DRG in controlling the worst-case errors
among all the retained species renders it suitable for reduction tasks where post-reduction
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validations are not feasible, e.g. for on-the-fly reduction in multi-dimensional flow simulations. In
contrast, LEP and DRGEP, as well any other method that cannot effectively limit the worst-case
errors may result in unsafe species elimination, and thus the selection of a working threshold value
should be determined

iteratively

by using post-reduction validation,

which is typically

computationally demanding.

2.3.2. Error Control for Group-eliminations
To more accurately estimate the error induced by the elimination of a group of species, 𝑮,
the LEP model is slightly modified as
𝜹𝒚 ≈ (𝑱𝑮𝑠 + 𝑱𝑮𝜔 )−1 ∙ 𝝎𝑮

(2-12)

where 𝝎𝑮 are the reaction source term attributed to reactions involving any species in 𝑮. 𝑱𝑮𝑠 and
𝑱𝑮𝜔 are Jacobian matrixes related to the mixing and reaction terms, respectively, in the remaining
governing equations. A new reduction strategy similar to DRGASA [20] is then proposed for LEP.
Specifically, species are eliminated one at a time in the ascending order of the estimated error by
single-species elimination, until the reduction error estimated with Eq. (2-12) exceeds a userspecified threshold value. The above procedure is then repeated until no species can be further
eliminated, such that the largest extent of reduction is achieved.
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Figure 2-3. (a) Number of species in the skeletal mechanism and measured errors in H
concentration as functions of the user-specified threshold value. (b) Measured vs. estimated
reduction errors in H radical for the skeletal mechanisms obtained by LEP at the extinction turning
point for PSR with stoichiometric ethylene−air under atmospheric pressure and inlet temperature
of 1000 K.

LEP with the new reduction strategy is applied at the extinction turning point for PSR of
stoichiometric ethylene/air under atmospheric pressure and inlet temperature of 1000 K. Differe nt
skeletal mechanisms are obtained for threshold values ranging from 10 -8 to 0.1, with H radical
being the target species. Figure 2-3a shows the number of species in the skeletal mechanism and
measured errors in H radical as functions of the user-specified threshold value. It is seen that the
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skeletal mechanism size overall decreases as the threshold value increases and the measured errors
in H radical scatter slightly below the 1:1 trend line, indicating that the reduction errors of the
skeletal mechanisms obtained from LEP are rather accurately controlled by the threshold value.
Figure 2-3b further shows that the estimated errors in H radical are nearly identical to the measured
errors, which is the reason that LEP can effectively control the reduction error for the elimina t io n
of a group of species. Therefore, LEP based reduction can be significantly more computationa lly
efficient than DRGASA as the time-consuming sensitivity analysis is not involved in LEP.

2.3.3. Obtaining Global Skeletal Mechanisms
While LEP is formulated for local reduction based on an individual reaction state, global
skeletal mechanisms can be obtained by performing reduction based on multiple reaction states
sampled from a wide range of operating conditions. In this section, the error control in global
skeletal mechanisms obtained with LEP is investigated. The sample space is constructed by the
stoichiometric ethylene−air PSR solutions ranging from 1600 K to 2400 K under atmospheric
pressure and inlet temperature of 1000 K. The sample space, which is a part of the S-curve
including the extinction point, is illustrated by the solid line in Figure 2-4a. A 28-species skeletal
mechanism henceforth referred to as sk28, is generated using LEP with a threshold value of 0.1
and H radical as target species. To measure the reduction errors, species concentrations and
residence time in PSR are solved for specified temperatures using sk28 as shown in Figure 2-4a.
It is seen that the S-curve from sk28 is almost identical to that from the detailed mechanism. Figure
2-4b further shows the mass fraction of H radical calculated with the detailed mechanism and sk28,
respectively. It is seen that the error in H in sk28 is effectively controlled by the threshold value of
0.1.
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Figure 2-4. (a) The S-curve, and (b) H radical mass fraction, of PSR of stoichiometric ethylene−a ir
under atmospheric pressure and inlet temperature of 1000 K, calculated with the detailed
mechanism (solid lines) and sk28 (symbols), respectively. The dashed lines in (b) indicate ±10%
errors, respectively.
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Figure 2-5. (a) Number of species in the global skeletal mechanism and measured worst-case errors
in H radical as functions of the user-specified threshold value. (b) Measured vs. estimated worstcase reduction error in H radical in the global skeletal mechanisms obtained with LEP.

Global skeletal mechanisms are then obtained by using different threshold values ranging
from 10-8 to 0.1 based on the reaction states sampled along the PSR S-curve. The mechanism size
(number of species) and measured worst-case error in H radical are shown in Figure 2-5a, and it
is seen that the worst-case reduction errors in H radical are bounded by the threshold values, which
is similar to the local reduction shown in Figure 2-3. Figure 2-5b further shows that the measured
worst-case errors in H are mostly identical to the estimated errors, indicating that LEP can
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accurately estimate the worst-case error in the target species and thus can effectively control the
reduction error by using a user-specified error tolerance.

2.3.4. Global Skeletal Mechanisms for Ethylene and n-Heptane
Global skeletal mechanisms are then developed with LEP for two different fuels, namely
ethylene and n-heptane. The skeletal mechanism for ethylene/air is obtained from the detailed
USC-Mech II based on reaction states sampled from PSR with an inlet temperature of 1000 K over
the parameter space of pressure from 0.5 to 10 atm, equivalence ratio from 0.5 to 1.5, with the
temperature range of from 1000 K to 100 K below the adiabatic flame temperature such that the
sample space covers both the ignition and the extinction turning points. A threshold value of 0.1
is specified with H radical being the target species and then a skeletal mechanism with 35 species
and 228 reactions is obtained.
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Figure 2-6. Ignition delay time of constant-pressure auto-ignition as a function of initia l
temperature (left panels) and PSR S-curves at inlet temperature of 1000 K (right panels) for
ethylene−air under different pressures and equivalence ratios, calculated with the detailed and
skeletal mechanisms, respectively.
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Figure 2-7. Laminar flame speed as a function of equivalence ratio for ethylene/air under differe nt
pressures and inlet temperature of 300 K, calculated with the detailed and skeletal mechanis m,
respectively.

Figure 2-6 shows the validation of the skeletal mechanism for auto-ignition and PSR over
the same range of pressures and equivalence ratios to that for the reduction. Figure 2-7 further
shows the validation of laminar flame speed for different equivalence ratios and pressures. It is
seen that the skeletal mechanism derived from PSR alone is not only valid for PSR but also can be
extended to auto-ignition and premixed flames with high accuracy. This is because the reaction
states sampled from PSR involve both the extinction state (the upper turning point), where the
radical pool is present, and the ignition state (the lower turning point), where the radical pool is
building up through the relatively slow chain branching processes. Therefore reaction states
sampled from the entire PSR curve can cover both the fast flame chemistry and the slow ignitio n
chemistry, and the resulting skeletal mechanisms feature similar extendibility as those based on
the sampling from both PSR and auto-ignition in previous studies.
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Figure 2-8. Ignition delay time of constant-pressure auto-ignition as a function of initia l
temperature (left panels), and PSR S-curves at inlet temperature of 600 K (right panels), for nheptane/air under different pressures and equivalence ratios, calculated with the detailed and
skeletal mechanisms, respectively.

31

Figure 2-9. Laminar flame speed as a function of equivalence ratio for n-heptane/air under differe nt
pressures and inlet temperature of 300 K, calculated with the detailed and skeletal mechanis ms,
respectively.

To further test the new reduction method with more complex chemistry, a skeletal
mechanism for n-heptane/air is developed from a 188-species skeletal mechanism previously
developed by using DRG [13]. The reduction is based on reaction states sampled from PSR with
inlet temperature of 600 K under pressure from 1 to 40 atm, equivalence ratio from 0.5 to 1.5, and
temperature range from 600 K to 100 K below the adiabatic flame temperature, such that the
negative temperature coefficient (NTC) behaviors of the n-heptane chemistry are included in the
sample. Note that the pressure and equivalence ratio ranges are exactly the same as those used to
develop the 188-species skeletal mechanism using DRG. A skeletal mechanism with 146 species
and 631 reactions are then obtained with a user-specified threshold value of 0.1 and H radical being
the target species.
Figure 2-8 and Figure 2-9 show the validation of the skeletal mechanism for auto-ignitio n,
PSR and laminar flame speed over the same pressure and equivalence ratio range for the reduction.
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It is seen that the skeletal mechanism accurately predicts all these flames as did for the ethylene
case. Figure 2-9 further shows that the NTC behaviors are also precisely captured by the skeletal
mechanism.

2.4. Conclusion
A linearized error propagation (LEP) method is developed based on Jacobian analysis and
reaction state sampling from PSR to achieve effective error control on selected target species in
skeletal mechanism reduction. The new method is compared with previous methods of DRG and
DRGEP. It was shown that DRG can tightly control the worst-case errors among all the species
retained in the skeletal mechanism, but typically overestimates the error in the selected target
species and thus results in under-reduced mechanisms. It is further shown that DRGEP may
underestimate the errors in the selected target species due to the rather aggressive geometric error
decay model, and result in reduction errors larger than the user-specified threshold values. In
contrast, LEP can more accurately estimate the reduction error in the selected target species than
DRG and DRGEP and thus can more effectively control the reduction error in the resulting skeletal
mechanism.
A 35-species skeletal mechanism was developed using the LEP method for ethylene−a ir
from the detailed USC-Mech II, and then a 146-species skeletal mechanism was developed for nheptane−air from a 188-species skeletal mechanism previously developed using DRG. Both
reduction cases are based on reaction states sampled from a wide range of pressures, temperatures ,
and equivalence ratios. Validation shows that the skeletal mechanisms can accurately predict such
important flame behaviors as ignition delay time, extinction residence time, and laminar premixed
flame speed.
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It is further shown that reaction states sampled from PSR alone, including both the
extinction and the ignition turning points, can be adequate to develop reduced mechanis ms
involving both the fast flame chemistry and the slow ignition chemistry, while such reaction states
were sampled from both PSR and auto-ignition in previous studies.
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Chapter 3. A Direct Method for Calculating the Turning Points of Perfectly Stirred
Reactors
3.1. Introduction
As mentioned in section 1.2.2, steady-state PSR provides a simple and effective approach
to study ignition and extinction limits of continuous flow combustors, which are typically
associated with the turning points on the S-curves. The turning points on the PSR S-curves can
typically be obtained by the marching-based methods such as arc-length continuation [77,78]. By
automatically switching between temperature and residence time as the dependent variable, the
solution can march across the turning points, where the Jacobian is singular for the origina l
equations [81]. However, the marching method is computationally inefficient, particularly when
high accuracy is required for turning point solution, and can be rather involved to be implemented.
This is because the accuracy of the turning points obtained by the continuation method depends
on the marching step size, such that marching step refinements are required to capture turning
points for specific accuracy requirements.
In the present study, a direct method based on local optimization is proposed to accurately
and efficiently obtain the turning points of PSR based on analytic Jacobian, and is compared with
the arc-length continuation method. Then an analytical sensitivity evaluation method is proposed
for reaction states of PSR, and the sensitivity of the ignition and extinction residence times in PSR
are compared with the sensitivity of the ignition delay time and the laminar flame speed.

3.2. Methodology
The governing equations for the steady-state PSR can be expressed as
𝑓𝑗 (𝒚) = 𝑟𝑗 (𝒚) + 𝑠𝑗 (𝒚) = 0, 𝑗 = 1,2, … , 𝑛𝑠 + 1
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(3-1)

where r and s denote the spatially homogeneous reaction and mixing terms, respectively. The
vector of dependent variables, y, includes species mass fractions, Y, and temperature, T. subscript
𝑗 denotes the 𝑗th governing equation. The detailed form of Eq. (3-1) can be found in Eq. (2-1). By
solving the 𝑛𝑠 +1 governing equations, the steady-state solution can be obtained for given residence
time. Note that the system of equations can also be solved with residence time as a dependent
variable for a specified temperature.
On the S-curve, the ignition point has the local maximum and the extinction point has the
local minimum residence time. Therefore, the problem of computing such turning points can be
formulated as a local optimization problem for residence time subject to Eq.(3-1), and the
optimization problem can be transformed into the following algebraic equations using Lagrange
multipliers.
∇𝜏 + 𝜆𝑗 ∇𝑓𝑗 = 0, 𝑗 = 1,2, … , 𝑛𝑠 + 1

(3-2)

where 𝜆 is the Lagrange multiplier and The vector form of Eq. (3-2) is
𝜕𝑓1
𝜕𝑌1
𝜕𝑓1
𝜕𝑌2
⋮
𝜕𝑓1
𝜕𝑇
𝜕𝑓1
[ 𝜕𝜏

𝜕𝑓2
𝜕𝑌1
𝜕𝑓2
𝜕𝑌2
⋮
𝜕𝑓2
𝜕𝑇
𝜕𝑓2
𝜕𝜏

⋯
⋯
⋱
⋯
⋯

𝜕𝑓𝑛𝑠 +1
𝜕𝑌1
𝜕𝑓𝑛𝑠 +1
0
𝜆1
0
𝜕𝑌2
𝜆2
[
]
=
⋮
⋮
⋮
𝜕𝑓𝑛𝑠 +1 𝜆
0
𝑛𝑠 +1
[−1]
𝜕𝑇
𝜕𝑓𝑛𝑠 +1
𝜕𝜏 ]

(3-3)

The Jacobian matrix in Eq. (3-3) is analytically evaluated by using automatically generated
subroutines for any specific mechanism [81], rather than through numerical perturbations, to
achieve high accuracy and computational efficiency. It’s noted that the Jacobian matrix with
respect to Y and T is singular at the turning points, while the Jacobian matrix with respect to Y and
τ is not [81].
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To compute the reaction state y at the turning points, Eqs. (3-1) and (3-2) can be solved
together through the Newton solver given a reasonably good initial guess, e.g. a solution from a
neighboring state [82]. A reasonably good initial guess of the Lagrange multipliers can be obtained
through inverting Eq. (3-3).

3.3. Results and Discussion
3.3.1. Validation of Turnings Points of PSR
The direct method is first validated against the continuation method for stoichiometr ic
ethylene/air under atmospheric pressure and inlet temperature of 1000 K using the detailed USCMech II mechanism [80]. In the present study, a 10 K maximum temperature step size is utilized
in the continuation method to ensure a high resolution of the S-curve. The results are shown in
Figure 3-1, in which the S-curve is obtained by using the continuation method and the turning
points are calculated by the new direct method. It is seen that both the extinction and the ignitio n
turning points are captured by the direct method.

Figure 3-1. The S-curve of PSR for stoichiometric C 2 H4 /air obtained by using the continua tio n
method with the turning points calculated by using the direct method.
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Figure 3-2. Relative errors in (a) residence time, and (b) temperature, at the extinction turning
point in Figure 3-1 between the continuation method and the direct method as a function of the
relative temperature step size in the marching.

Figure 3-2 shows the relative errors in the extinction residence time (𝜏𝑒 ) and extinctio n
temperature ( 𝑇𝑒 ) at the extinction turning point of the S-curve in Figure 3-1 between the
continuation method and the direct method, as a function of the relative temperature step size for
the marching. Note that the relative temperature marching step size is defined as the temperature
marching step size normalized by 𝑇𝑒 and the relative error is defined as the absolute value of the
difference between the two solutions normalized by the value from the direct method. Since the
error in the direct method is directly controlled by the error tolerance of the Newton solver, the
solution from the direct method can be regarded as the exact solution for the comparison. It is seen
that the relative errors in both panels of Figure 3-2 decrease as the marching step size decreases,
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while an overall quadratic trend is observed for errors in 𝜏𝑒 and a linear trend is observed for errors
in 𝑇𝑒 . The different trend line slopes can be readily explained as the S-curve can be locally
approximated as a parabola near the turning point, and this result indicates that a small marching
step size is required by the continuation method to achieve high accuracy, particularly for 𝑇𝑒,
resulting in a substantially higher computational cost than the direct method.

Figure 3-3. The S-curve of PSR for DME/air under 30 atm obtained by using the continua tio n
method with the turning points calculated by using the direct method.

The S-curve can consist of multiple turning points resulting from the NTC and cool flame
behaviors [81]. Figure 3-3 shows the S-curve of the dimethyl ether (DME)/air mixture, which
features NTC behaviors, with an equivalence ratio of 5.0, pressure at 30 atm, and inlet temperature
of 700 K calculated based on with a 39-species skeletal mechanism [83]. It is noted that the fuelrich and high-pressure condition is selected such that the S-curve shows a pronounced cool flame
branch. It is observed that the direct method can successfully capture the multiple turning points
on the S-curve.
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Similar to the S-curve, an additional mapping of the solutions of steady-state PSR is the Ocurves, where the steady-state solution is computed with various equivalence ratios at fixed
residence time [50]. The O-curve consists of a stable upper branch and an unstable lower branch
which are analogous to the upper and middle branches of the S-curve. On the O-curve the leftmost
turning point is the lean blow out (LBO) limit since no strongly burning flame exists with a leaner
mixture, while the rightmost turning point is the rich blow out (RBO) limit. LBO limits are critical
to the operational performance of combustion systems in propulsion and power generation. The
direct method can be extended to calculate the LBO and RBO limits where the equivalence ratio
has the local extrema value. Figure 3-4 shows the O-curve for ethylene/air under atmospheric
pressure, inlet temperature of 700 K and residence time of 10 -4 s. It is seen that the LBO and RBO
are again successfully captured by the direct method.

Figure 3-4. The O-curve of PSR for ethylene/air under atmospheric pressure, inlet temperature of
700 K and residence time of 10-4 s obtained by using the continuation method with the turning
points calculated by using the direct method.
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3.3.2. Turning Point Calculation for Various Reactor Conditions
The direct method is next employed to obtain the extinction and ignition states for
ethylene/air of different equivalence ratios under atmospheric pressure and inlet temperature of
1000 K. To obtain the entire solution profiles, the turning points for stoichiometric mixture are
first calculated by using the direct method with manually constructed initial guesses, and the
turning points for rich and lean mixtures are subsequently obtained by marching from the
stoichiometric solution. Figure 3-5 shows the profiles calculated by using the continuation and the
direct methods, and it is noted that to obtain the turning points by using the continuation method,
a segment of the S-curve needs to be solved for each equivalence ratio such that the computatio na l
cost is substantially higher than the direct method. In the present case, the continuation method
shows a speedup factor of approximately 30. It is seen that the results collapse for the continua tio n
and direct method, further demonstrating the validity of the new direct method in computing
ignition and extinction states at different reactor conditions. Figure 3-6 further shows errors in
residence time, and temperature, at the ignition and extinction turning points between the
continuation method and the direct method, which is defined as the solution of the continua tio n
method minus the solution of the direct method. Since the ignition and extinction turning points
feature the local extreme residence time, the continuation method almost always under-predicts
the ignition residence time and over-predicts the extinction residence time, which is evident in
Figure 3-6a showing that the residence time errors are positive for extinction and negative for
ignition. Furthermore, it is seen in Figure 3-6b that the errors in temperature are comparable to the
marching step size in the continuation method, e.g. T=10 K, as the error in the temperature at the
turning points obtained by the continuation method is bounded by the marching step size.
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It is noted that extinction and ignition states under different inlet temperatures and
pressures can be readily marched by using the direct method in a similar manner, while the results
are not shown here.

Figure 3-5. (a) Residence time and (b) temperature at the ignition and extinction turning points
obtained by the continuation and direct methods, respectively, for ethylene/air of differe nt
equivalence ratios under atmospheric pressure and inlet temperature of 1000 K.

Figure 3-6. Errors in (a) residence time, and (b) temperature, at the ignition and extinction turning
points between the continuation method and the direct method, for ethylene/air of differe nt
equivalence ratios under atmospheric pressure and inlet temperature of 1000 K.
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3.3.3. Sensitivity Analysis of the Ignition and Extinction Points
Sensitivity analysis of the extinction and/or ignition turning points is frequently performed
to identify the important reactions and optimize the kinetic mechanism [84]. The sensitivity of the
𝑑 ln 𝜏

residence time is defined as 𝑑 ln 𝑘 , where k i is the reaction rate coefficient of the ith reaction, and it
𝑖

is typically evaluated numerically via the finite difference approach by perturbing the reaction rate
coefficient and solving the PSR under fixed temperature, i.e.,
𝑑ln𝜏
ln 𝜏((1 + 𝛿)𝑘𝑖 ) − ln 𝜏(𝑘𝑖 )
≈
𝑑ln𝑘𝑖
ln (1 + 𝛿)

(3-4)

where δ is the perturbation factor. The numerical evaluation is nevertheless known to be
computationally expensive due to the large number of rate parameter perturbations and subsequent
simulations. Meanwhile, δ should be chosen carefully, typically 1%, such that it is large enough
to avoid numerical noise (discretization error) and small enough to avoid nonlinear effects. To
accurately and efficiently evaluate the sensitivities, an analytical way is proposed.
Under a fixed temperature, the perturbed governing equations are
𝒇(𝒚 + 𝑑𝒚, 𝒌 + 𝑑𝒌) = 𝟎

(3-5)

where k is the vector of reaction rate coefficients and y is the vector of dependent variables, which
consist of species mass fraction Y and residence time τ. By comparing Eqs. (3-1) and (3-5), the
sensitivities can be formulated as:

𝑀𝑖,𝑗

d𝒚
= −𝑱−1 ∙ 𝑴
(
)
𝑑 ln 𝒌
𝑊𝑖 𝜈𝑖 ,𝑗 𝜔𝑗
=
, 𝑖 = 1, 2, … , 𝑛𝑠 , 𝑗 = 1, 2, … , 𝑛𝑟
𝜌
− ∑𝐾𝐾
𝑖=1 𝐻𝑖 𝜈𝑖,𝑗 𝜔𝑗
𝑀𝑛𝑠 +1,𝑗 =
𝜌𝑐𝑝
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(3-6)

where J is the Jacobian matrix with respect to Y and τ, which is invertible on the turning points
and M is the normalized stoichiometric matrix. W is the molecular weight, ν is the stoichiometr ic
coefficient, ω is the reaction rate, H is the enthalpy, ρ is the density and cp is the mixture-avera ged
constant-pressure heat capacity. The subscript i indicates the ith species and j indicates the jth
reaction and 𝑛𝑟 is the number of reactions. Through solving the linear algebraic equations in Eq.
(3-6), the sensitivities can be accurately obtained, which is far more efficient compared with the
numerical perturbation method.

Figure 3-7. The analytical sensitivity vs. numerical sensitivity of τ for the extinction and ignitio n
states on the S-curve of the stoichiometric ethylene/air under atmospheric pressure and inlet
temperature of 1000 K.

Figure 3-7 shows the analytical sensitivity vs. numerical sensitivity of τ for the extinctio n
and ignition states on the S-curve of the stoichiometric ethylene/air under atmospheric pressure
and inlet temperature of 1000 K. It is seen that all the data points scatter on the 1:1 trend line,
demonstrating the validity of the analytical method in evaluating the sensitivities.
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To identify the relative importance of each reaction, the sensitivity vector is normalized by
the maximum value, i.e.
𝑑ln𝜏
𝑑ln𝑘𝑖
𝑆𝐴𝑖 =
𝑑ln𝜏
max |
|
𝑑ln𝑘
𝑖
𝑖

(3-7)

Such that an important reaction has an absolute SA value close to unity.
Firstly, the normalized residence time sensitivity of the ignition states in PSR is compared
𝑑ln𝜏𝐼𝐷𝑇

with the normalized ignition delay time sensitivities, which is defined as

𝑑ln𝑘𝑖
𝑑ln𝜏𝐼𝐷𝑇

max |
𝑖

𝑑ln𝑘𝑖

|

, where 𝜏𝐼𝐷𝑇

is the ignition delay time. Figure 3-8 lists the ten most important reactions and their normalized
sensitivity values for the ignition residence time of PSR and ignition delay time for stoichiometr ic
ethylene/air under atmospheric pressure and inlet temperature of 1000 K. It is seen that the ten
most important reactions to ignition delay time are similar to that of the ignition residence time
and both of them contains R194, R195, R14, R254, R96, R251, and R266. It is further seen that
the ignition processes are typically dominant by chain branching reactions containing fuel-related
species such as C 2 H4 and C2 H3 . Figure 3-9 further shows an overall linear correlation between the
normalized

ignition delay time sensitivities

and the normalized

ignition residence time

sensitivities. The level of alignment is also assessed by the inner product between the two
sensitivity directions, which is around 0.9, indicating that the ignition reaction state on PSR can
capture the important chemistry for the auto-ignition process.
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Figure 3-8. The ten most important reactions for (a) the ignition residence time of PSR and (b) the
ignition delay time of stoichiometric ethylene/air under atmospheric pressure and inlet temperature
of 1000 K

Figure 3-9. The normalized ignition delay time sensitivities vs. the normalized ignition residence
time sensitivities.

Since the extinction turning point on PSR is related to the strongly burning states, the
normalized extinction residence time sensitivities are then compared with the normalized flame
speed sensitivities defined as

𝑑ln𝑆𝐿
𝑑ln 𝑘𝑖

max|
𝑖

𝑑ln𝑆𝐿
|
𝑑ln 𝑘𝑖

, where SL indicates the laminar flame speed. Figure 3-10

lists the most important ten reactions and their normalized sensitivity values for the extinctio n
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residence time of PRS and flame speed of stoichiometric ethylene/air under atmospheric pressure
and inlet temperature of 300 K. It is again seen that the most important ten reactions to the flame
speed and the extinction in PSR are similar. Both of the flame speed and PSR extinction residence
time are most sensitive to the rate of R1 H+O 2 =O+OH, which is the major branching step. The
second-ranked reaction is R31 CO+OH=CO 2 +H, whose reaction rate determines the final heat
release and temperature of the system, which are the key elements to sustaining oxidation in the
extinction region. It is further observed that the strongly burning chemistry is primarily controlled
by the reactions involving small molecules, such as H, OH, CO, and HCO. Similar to Figure 3-10,
Figure 3-11 further shows an overall linear correlation between the absolute normalized laminar
flame speed sensitivities and the normalized extinction residence time. The similarity between the
two sensitivity vectors is around -0.94, showing that the extinction reaction state on PSR can
capture the important chemistry for the strongly burning flames. The negative value indicates that
the reactions which increase the flame speed make the flame harder to extinguish.
While the results are not displayed here, similar results can be observed for n-butane/air
and n-heptane/air.
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Figure 3-10. The ten most important reactions for (a) the extinction residence time of PSR and (b)
the laminar flame speed of stoichiometric ethylene/air mixtures under atmospheric pressure and
inlet temperature of 300 K

Figure 3-11. The normalized laminar flame speed sensitivities vs. the normalized extinctio n
residence time sensitivities.

3.4. Conclusions
A direct method based on local optimization is developed to accurately and efficie ntly
compute the extinction and ignition turning points of PSR. In the direct method, a set of algebraic
equations based on analytic Jacobian are formulated based on Lagrange multipliers and solved by
using the Newton solver with a reasonably good initial guess. The direct method is compared with
the continuation method in obtaining the ignition and extinction turning points on the S-curve of
PSR. It is seen that the direct method can accurately capture the turning points while the accuracy
of the continuation methods depends on the marching step size. It is also shown that the direct
method can be extended to calculate multiple turnings on the S-curve and the LBO and RBO of
the O-curve. Furthermore, extinction and ignition turning points of various operating conditions
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can be readily obtained by marching from existing solutions using the direct method, which is
substantially more efficient than the continuation method.
Furthermore, an analytical method is proposed to effectively and accurately evaluate the
sensitivities of the steady-state PSR solutions. The analytical method is then compared with the
commonly used numerical method, demonstrating the validity of the analytical method. Next, the
sensitivity of the ignition and extinction residence time are compared with the sensitivity of the
ignition delay time and the laminar flame speed. It is seen that the ignition and extinction states on
PSR can capture the important chemistries to the ignition process and strongly burning flame,
further indicating that reaction states sampled from PSR including both the extinction and the
ignition turning points can be adequate to develop reduced mechanisms involving both the fast
flame chemistry and the slow ignition chemistry. It is further observed that the controlling
reactions to ignition process typically contains fuel-related species, while the strongly burning
flame chemistry is highly sensitive to small-molecule reactions regardless of mixtures.
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Chapter 4. Skeletal and Reduced Mechanisms for Gasoline and Gasoline/Ethanol
Surrogates for Engine CFD Applications
4.1. Introduction
As reviewed in section 1.2.3, to optimize the engine design and apply advanced engine
techniques, CFD simulations serve as a valuable tool in understanding the combustion process in
SI engines, for example, explaining the knocking phenomena. Due to the complex composition of
the real gasoline fuels, it is not practical to include all the fuel components in simulations and
simple fuel surrogates consisting of a limited number of components are frequently used to
reproduce the physical and chemical properties of real gasoline fuels. Recently, TPRF has been
widely used as gasoline surrogate since it can capture both the octane number and octane
sensitivity. Meanwhile, to meet the requirements of the clean air act and renewable fuel standard,
most of the gasoline presently sold in the United States contains ethanol. Therefore, a
comprehensive mechanism for TPRF/ethanol surrogates is needed to accurately predict knocking
in engine simulations. A detailed mechanism for gasoline surrogates developed by LLNL is
comprised of 1389 species and 5935 elementary reactions [64], while such large-sized mechanis m
can hardly be applied in 3-D engine simulations, and thus mechanism reduction is required.
In the present study, an integrated method that combines DRG, DRGASA, isomer lumping
and LQSSA was employed to derive the skeletal and reduced mechanisms from the detailed LLNL
mechanism, incorporating low-temperature kinetics for mixtures of TPRF and ethanol. The
skeletal and reduced mechanisms were then extensively validated against the detailed mechanis m
and available experimental data. The skeletal mechanism was further validated against the
experimental data in predicting the critical compression ratio in a CFR engine.
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4.2. Methodology
4.2.1. Reaction States Sampling
To derive a skeletal mechanism suitable for SI engine applications, the reduction was
performed within the parameter range of pressure from 1 to 100 atm and equivalence ratio from
0.5 to 1.3. The initial temperature for ignition problems was set to be 750 to 1800 K, such that the
low-temperature chemistry, which is important in some SI engine ignition studies, is included in
the reduction. The inlet temperature for extinction applications in PSR was 300 K. Since the
skeletal mechanism is intended to be used in simulations of the mixtures of ethanol and practical
gasoline, the sampled fuels should cover all the possible fuel compositions. Based on previous
reduction processes, DRGASA for a single fuel with a similar number of species and a similar
range of sampling parameters takes around one week, therefore a limited number of fuels should
be selected due to the consideration of the computational cost. Lastly, an overall eleven fuel
mixtures listed in Table 4-1 were selected. The sampled TPRF fuels had a RON range from 65 to
93 and an octane sensitivity range from 1.1 to 12. These ranges cover almost all the practical
gasoline fuels according to the data in Kalghatgi et al. [60]. Ethanol mole percentages of 0%, 50%,
and 100% were considered in the sampling, such that the obtained skeletal mechanism can be
applied to mixtures of TPRF and ethanol. It’s noted that PRF60 and PRF100 were also included
in the sampling such that the obtained mechanism could also be applied to PRF surrogates.

Table 4-1. Composition (mole percentage), octane numbers, and sensitivity of the sampled fuels
Fuel

iso-Octane

n-Heptane

Toluene

Ethanol

RON

MON

Sensitivity

1
2
3
4

100
60
0
33

0
40
50
33

0
0
50
34

0
0
0
0

100
60
65.9
76.2

100
60
57.7
70.9

0
0
8.2
5.3
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5
6
7
8
9
10
11

75
0
0
16.5
37.5
0
0

15
25
25
16.5
7.5
12.5
0

10
75
25
17
5
37.5
0

0
0
50
50
50
50
100

85.7
93.4
NA
NA
NA
NA
NA

84.6
81.5
NA
NA
NA
NA
NA

1.1
11.9
NA
NA
NA
NA
NA

4.2.2. Reduction Process
DRG was employed as the first step in the reduction due to its high capability in dealing
with extremely large mechanisms. In the DRG method, each species in the detailed mechanism is
represented by a node in the DRG. The relative error in species A induced by the elimination of
species B, rAB, is estimated for every pair of species in the mechanism. An error tolerance, ϵ, can
be specified for the DRG method such that there exists a directed edge from species A to species
B if rAB is larger than ϵ at any reaction state in the sampling space. Then the set of remained species
can be obtained by the deep first search (DFS) of the graph from a starting species [12]. Typically,
the H radical is selected as the starting species since it is always important in hydrogen and
hydrocarbon combustion process. An improved definition of rAB in Luo et al. [14], which considers
the presence of large isomer groups, compared with the original definition in Lu and Law [12] was
used in the present work. The improved DRG method also features high efficiency and has been
implemented for parallel computation. It takes only a few minutes to process tens of thousands of
sampled reaction states using a small PC cluster.
The number of remaining species as a function of the user-specified threshold value is
plotted in Figure 4-1. Based on Luo et al. [85], a reasonable large reduction error tolerance, say
20∼40%, can be specified without the elimination of important species. In the present reduction
process, the threshold value was set to be 0.3 such that the possible important species are retained
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in the skeletal mechanism. After the implementation of DRG, a skeletal mechanism consisting of
695 species and 3380 reactions was obtained.

Figure 4-1. The number of remaining species as a function of the threshold value.

Due to the high nonlinearity of chemical kinetics, probably the only reliable approach to
quantify the reduction errors is to directly measure the actual reduction errors by comparing the
solutions before and after the species elimination. Therefore, DRGASA was subsequently
employed to obtain the smallest skeletal mechanisms that can accurately predict the selected
targets.
In DRGASA, the first step is to choose the species for sensitivity analysis based on the
DRG results. Second, the sensitivities ϵi, defined as the worst-case error induced to the parameters
of interest due to the elimination of the species i, are computed for each species that are selected
for sensitivity analysis. Third, the species are eliminated from the mechanism one at a time
following the ascending order of ϵi until the worst-case error in the parameters of interest is larger
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than the user-specified level. The above procedure is then repeated until further elimination of any
single species would result in larger than acceptable error.
In the present study, all the 695 species in the skeletal mechanism were selected for
sensitivity analysis in order to achieve the maximum extent of reduction. The target parameters
include the ignition delay time of auto-ignition under constant pressure, the extinction residence
time and the strongly burning flame temperature in PSR. The worst-case error tolerance was set to
be 0.4. It was found that such an error tolerance was comparable to the overall uncertainty of the
detailed mechanism such that there is no significant loss in chemical fidelity through the skeletal
reduction. Due to the high nonlinearity of the reaction mechanism, the reduction error caused by
the removal of a set of species is by no means the sum of the errors induced by the elimination of
each species. Therefore, the elimination of two species with the worst-case error larger than the
user-specified

tolerance may cause a worst-case error smaller than the tolerance. This

phenomenon, which is called the error cancellation, was further utilized in the DRGASA to
minimize the mechanism size in the present work. The resulting skeletal mechanism consists of
167 species and 839 elementary reactions.
DRGASA is typically accelerated by parallel computing, due to the time consuming
iterative evaluation of the global parameters. In the present work, DRGASA was performed on a
256-core PC cluster, and the reduction took around three weeks including the manual stage for
problem setup.
To further reduce the size of the skeletal mechanism, isomer lumping developed by Lu and
Law [41] is applied. The identification of isomer groups can be achieved through statistics. Two
isomers can be grouped if their concentrations are correlated approximately by a constant factor
for all the sampled reaction states. For the present study, the isomer lumping process only finds
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one isomer group which includes NC7KET24/0.333, NC7KET35/0.409, and NC7KET42/0.258,
where the value next to each isomer represents the intragroup mass fraction of the isomer. Finally,
a 165-species skeletal mechanism with 839 elementary reactions is obtained.

Figure 4-2. The reduction flow chart.

The 165-species skeletal mechanism was further reduced by eliminating the fast exhausted
radicals approximated to be in steady-state. In the present study, a critical timescale, τc, i.e. the
extinction residence time of PSR in extinction applications and auto-ignition delay time in ignitio n
application, was selected to separate the fast and slow chemical modes, such that the chemical
processes with a timescale significantly shorter than τc can be considered exhausted for a residence
time much larger than τc. Then the QSS species can be identified if they are only projected to the
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fast modes [33]. Consequently, 47 species were identified as globally valid QSS species, and a
118-species reduced mechanism was obtained with the elementary reactions lumped to 114 semiglobal steps, where the QSS species concentrations were solved analytically using LQSSA, which
is much more efficient compared with the previous internal algebraic iteration method [86].
In summary, the entire reduction flow chart is displayed in Figure 4-2.

4.3. Results and Discussion
4.3.1. Validations of Ignition Delay Time and Flame Speed
In 3-D SI engine simulations, ignition delay time and flame speed are both of great interest.
Therefore, to demonstrate the fidelity of the resulting 118-species reduced mechanism and the 165species skeletal mechanism, validations against the detailed mechanism and experimental results
in ignition delay time and laminar flame speed were conducted for various operating conditions
when experimental data are available, starting from pure component of iso-octane, n-heptane,
toluene and ethanol to the quaternary mixtures of them.
4.3.1.1. Validations of Single Component Fuels
As fundamental components of gasoline surrogates, the ignition delay times of pure isooctane, n-heptane and toluene have been extensively studied by different groups in recent decades.
The ignition delay times for stoichiometric and lean iso-octane/air under different pressures
measured by Fiewege et al. [87], Davidson et al.[88], Shen et al. [89], and Mehl et al. [64] are
displayed in Figure 4-3. Ciezki et al. [90] and Gauthier et al. [91]’s experimental data of
stoichiometric and lean n-heptane/air under different pressures are shown in Figure 4-4. For
toluene ignition delay times, the shock tube data obtained by Mehl et al. [64] is shown in Figure
4-5. The simulation results based on the detailed, skeletal and reduced mechanisms, indicated by
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solid, dotted and dot-dashed lines respectively, are also displayed in Figure 4-3 to Figure 4-5. It is
readily observed that the reduced and skeletal mechanisms agree well with the detailed mechanis m
and predict the experimental data accurately. It can be further found that the reduced model gives
almost the same results as the skeletal model, which is also true for the following validation results,
indicating the identification of QSS species is successful.

Figure 4-3. Ignition delay times of stoichiometric and lean iso-octane/air under different pressures.
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Figure 4-4. Ignition delay times of stoichiometric and lean n-heptane/air under different pressures.
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Figure 4-5. Ignition delay times of stoichiometric toluene/air under 12 and 55 atm.

The laminar flame speeds of iso-octane, n-heptane, toluene and ethanol under atmospheric
pressure and different initial temperatures are also studied by lots of groups such as Davis et al.
[92], Kwon et al. [93], Huang et al. [94], Kumar et al. [95], van Lipzig et al. [96], Dirrenberger et
al. [97], and Hirasawa et al. [98] in recent decades. Figure 4-6 to Figure 4-9 show the
experimentally measured and numerically simulated flame speeds for iso-octane, n-heptane,
toluene, and ethanol respectively. Similar to Figure 4-3 to Figure 4-5, the symbols denote
experimental data, while solid, dotted and dot-dashed lines stand for detailed, skeletal and reduced
mechanism simulation results respectively.
For iso-octane and ethanol, Figure 4-6 and Figure 4-9 indicate that the reduced and skeletal
mechanisms reproduce the results of the detailed mechanism accurately and they both show
reasonable agreement with the experimental values. However, the reduced and skeletal models
predict slightly higher flame speeds than the detailed model for n-heptane in Figure 4-7, while for
toluene, the flame speeds are slightly underpredicted by the reduced and skeletal models compared
with the detailed model in Figure 4-8. The possible explanation is that the pure n-heptane or pure

59

toluene was not directly included in the samplings. Therefore as extended validations, the 15%
worst case discrepancies shown in Figure 4-7 and Figure 4-8 are acceptable.

Figure 4-6. Laminar flame speeds of iso-octane/air under atmospheric pressure and initia l
temperatures of 298 and 398 K.
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Figure 4-7. Laminar flame speeds of n-heptane/air under atmospheric pressure and initia l
temperatures of 298 and 398 K.
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Figure 4-8. Laminar flame speeds of toluene/air under atmospheric pressure and initia l
temperatures of 298 and 398 K.
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Figure 4-9. Laminar flame speeds of ethanol/air
temperatures of 298, 338, and 453 K.
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under atmospheric pressure and initia l

Figure 4-10. Ignition delay times of stoichiometric PRF 60, PRF 80, and PRF 90 under 40 atm.

4.3.1.2. Validations of PRF Surrogates
PRF mixtures are very common gasoline surrogates, such that their ignition delay times
and flame burning velocities have been extensively studied by numerous groups. In order to
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demonstrate that the reduced and skeletal mechanisms can be applied to PRF mixtures, validatio ns
are conducted in this subsection.
For the ignition delay time validations, the shock tube data measured by Fieweger et al.
[87] is used. They reported the ignition delay times of stoichiometric PRF 60, PRF 80, and PRF
90 under relatively high pressure of 40 atm. The experimental and simulation values are plotted in
Figure 4-10. The figure illustrates that the results of the reduced and skeletal models almost
collapse with the detailed model results and they predict the experimental data quite well.
The laminar flame speeds of PRF 90 at ambient pressure were measured by Huang et al.
[99] at an initial temperature of 298 K, as well as Bradley et al. [100] at 358 K. As shown in Figure
4-11, the reduced mechanism results collapse with the skeletal mechanism, and their worst-case
error compared with the detailed mechanism is 4%, which can be ignored compared to the
uncertainty of the detailed mechanism. Moreover, both the reduced and the skeletal mechanis m
have the capability of reasonably predicting the experimental results.

Figure 4-11. Laminar flame speeds of stoichiometric PRF90/air under atmospheric pressure and
initial temperature of 298 K and 358 K.
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PRF 87 was investigated by Jerzembeck et al.[101] under a relatively high temperature of
373 K and a high pressure of 10 to 25 bar, which are engine conditions. The numerical results
based on reduced, skeletal and detailed mechanisms are compared with the experimental data in
Figure 4-12, showing that the flame speeds of lean to stoichiometric mixtures are well predicted
by the reduced, skeletal and detailed mechanisms. However, there exist relatively large
discrepancies when it comes to the rich and high-pressure conditions, which are also found in
Beeckmann et al. [102]. This phenomenon might be attributed to the experimental uncertainties
caused by the development of wrinkles for rich mixtures in the experiments as reported by
Jerzembeck et al. [101]. Despite these discrepancies, the reduced and skeletal mechanisms give
almost the same results as the detailed one.

Figure 4-12. Laminar flame speed of PRF87/air under initial temperature of 373 K and pressure
of 10, 15, 20, and 25 bar.
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Exhaust gas recirculation is an effective method to reduce NOx emissions in engines, while
the flame burning velocity will be obviously reduced by the dilution of the exhaust gases. The
dilution effects on the laminar flame speed were studied by Zhao et al. [103] for PRF87 under an
initial temperature of 353 and 500 K for an equivalence ratio of 0.84 with N2 as the diluent. The
measurement results, as well as the simulation values, are plotted in Figure 4-13. From the figure,
we can find that the reduced and skeletal mechanism results almost overlap with the detailed
mechanism results and agree well with the experimental data. The reduced and skeletal models
reproduce the linear dependence between the laminar flame speed and the dilution ration, which
is consistent with the studies in Zhao et al. [104].

Figure 4-13. Laminar flame speed of PRF 87 as a function of N2 dilution percentages under
atmospheric pressure and initial temperature of 353 and 500 K. Symbols denote the experimenta l
measurements by Zhao et al.[103], Solid, dashed and dot-dashed lines show the numerical results
based on the detailed, skeletal and reduced mechanism respectively.
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Figure 4-14. Ignition delay times of lean and stoichiometric n-heptane/toluene (90%/10% and
60%/40% by liquid volume) and iso-octane/toluene (90%/10%) under pressure of 40 bar.

4.3.1.3. Validations of Mixtures with Toluene
In this subsection, the performance of reduced and skeletal mechanisms is explored for
mixtures with toluene in various experimental configurations.

68

Firstly bi-composition fuels such as iso-octane/toluene and n-heptane/toluene are
validated. Ignition delay times of lean and stoichiometric n-heptane/toluene (90%/10% and
60%/40% by liquid volume), as well as iso-octane/toluene (90%/10%), have been reported under
pressure of 40 bar by Hartmann et al. [105]. Experimental data are shown in Figure 4-14 compared
with the numerical values and good agreements between the results of the reduced, skeletal and
detailed mechanisms can be observed. Also, the simulation results can reasonably predict the
experimental data.
Then for the validation of the TPRF surrogates, the shock tube data by Gauthier et al.[106]
are used. These data have been reported for two mixtures, referred to as Surrogate A (nheptane/iso-octane/toluene – 17%/56%/28% by mole fraction) and B (17%/63%/20%). Both
surrogates have an average octane number of 87, defined as the average of RON and MON. The
ignition delay times of stoichiometric Surrogate A/air and Surrogate B/air under pressure of 20
and 55 atm are displayed in Figure 4-15. It can be observed that the reduced, skeletal and detailed
models demonstrate the capability to predict the measured ignition delay time satisfactorily under
both pressures.
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Figure 4-15. Ignition delay times of stoichiometric Surrogate A/air and Surrogate B/air under
pressure of 20 and 55 atm. Symbols denote the experimental measurements by Gauthier et al.[106],
solid, dashed and dot-dashed lines show the numerical results based on the detailed, skeletal and
reduced mechanism respectively.

Exhaust gas recirculation also affects the ignition delay time of the diluted fuel/a ir
mixtures. The dilution’s effects on the ignition delay time were studied by Gauthier et al.[106] for
Surrogate A under 20 atm with EGR rates of 20% and 30%. The EGR rate is defined as the mole
fraction of the exhaust gas in the fuel/air/exhaust gas mixtures, where the distilled water was used
as the exhaust gas. Figure 4-16 shows that the numerical results based on reduced, skeletal and
detailed mechanisms are almost the same and they can excellently predict the experimental results
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Figure 4-16. Ignition delay times of Surrogate A under 20 atm with EGR rates of 20% and 30%.

The ignition delay times of Surrogate A have also been experimentally investigated by
Kukkadapu et al.[107] at intermediate to low temperatures in a rapid compression machine under
20 and 40 bar. These experimental data are compared with the reduced, skeletal and detailed
models in Figure 4-17. For both pressures, the reduced and skeletal models again give satisfactory
results for a variety of initial temperatures.
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Figure 4-17. Ignition delay times of Surrogate A under 20 and 40 bar and intermediate to low
temperatures. Symbols denote the experimental measurements by Kukkadapu et al.[107], solid,
dashed and dot-dashed lines show the numerical results based on the detailed, skeletal and reduced
mechanism respectively.

Table 4-2. TPRF surrogates investigated in Javed et al. [108]
Surrogate
TPRF 70
TPRF 80
TPRF 91
TPRF 97.5

iso-Octane
42.48
39.85
36.58
11.52

n-Heptane
36.23
28.58
19.31
18.04

Toluene
21.29
31.57
44.1
70.44

72

RON
70
80
91
97.5

MON
66
74.3
83.4
86.6

Sensitivity
4
5.7
7.6
10.9

Figure 4-18. Ignition delay times of the four surrogates investigated in Javed et al.[108]. Symbols
denote the experimental measurements by Javed et al.[108], solid, dashed and dot-dashed lines
show the numerical results based on the detailed, skeletal and reduced mechanism respectively.
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Lastly, the experimental data reported by Javed et al.[108] was used in the validation. The
four surrogates investigated in Javed et al.’s work are listed in Table 4-2. The RON, MON, and
octane sensitivity are calculated based on the correlations developed by Kalghatgi et al.[60]. Table
4-2 shows that the surrogates are formulated over a wide range of octane numbers (RON: 70–97.5)
with varying degrees of sensitivity (S: 4–11). For brevity, the surrogate blends will be referred to
as TPRF xx where xx represents the RON of the surrogate blend. From Figure 4-18 we can find
that the numerical results based on the reduced, skeletal and detailed mechanisms are almost
identical and they both predict the experimental data with a very good accuracy.

Figure 4-19. Laminar flame speed of TPRF 95.6 under atmospheric pressure and 358 K.

The laminar flame speeds of an n-heptane/iso-octane/toluene blend (13.7%/42.9%/43.4%
by the liquid volume fraction) have been experimentally investigated by Dirrenberger et al. [97]
under atmospheric pressure and inital temperature of 358 K. For convenience, the surrogate is
referred to as TPRF 95.6 since its RON is 95.6 based on the formulation proposed by Kalghatgi et
al.[60]. The experimental data are presented in Figure 4-19 with the computed flame speeds based
on the reduced, skeletal and detailed mechanisms. It can be seen that for lean to stoichiometr ic
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conditions the reduced and skeletal mechanism reproduce the detailed mechanism results and
accurately predict the experimental data and for rich conditions there exist acceptable deviations
between the numerical results and the experimental data.

4.3.1.4. Validations of Gasoline Surrogates and Ethanol Mixtures
The reduced and skeletal models are validated in this subsection to show their capability
in predicting the ignition delay time and flame speed of mixtures of gasoline surrogates and
ethanol.
For mixtures of PRF and ethanol, Fikri et al.[109] measured the ignition delay time of nheptane/iso-octane/ethanol blend (18%/62%/20% by liquid volume) under a pressure of 10, 30,
and 50 atm. The results are shown in Figure 4-20 and we can find that the reduced, skeletal and
detailed mechanism results show very good agreement and predict the experimental data very well.
For mixtures of TPRF and ethanol, Cancino et al.[110] have experimentally determined
the ignition delay times of n-heptane/iso-octane/toluene/ethanol blend (10.2%/37.8%/12%/40%
by liquid volume). The results are displayed in Figure 4-21. It’s observed that the reduced and
skeletal models satisfactorily reproduce the detailed model’s behavior and ignition delay times are
slightly overestimated in the low-temperature range compared with the experimental data.
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Figure 4-20. Ignition delay times of n-heptane/iso-octane/ethanol blend (18%/62%/20% by liquid
volume) at a pressure of 10, 30, and 50 atm. Symbols denote the experimental measurements by
Fikri et al.[109], solid, dashed and dot-dashed lines show the numerical results based on the
detailed, skeletal and reduced mechanism respectively.

Figure

4-21.

Ignition

delay

times

of

stoichiometric

mixtures

of

n-heptane/iso-

octane/toluene/ethanol blend (10.2%/37.8%/12%/40% by liquid volume) and air under 10, 30, and
50 bar. Symbols denote the experimental measurements by Cancino et al.[110], solid, dashed and
dot-dashed lines show the numerical results based on the detailed, skeletal and reduced mechanis m
respectively.

76

Figure 4-22. Laminar burning velocities of the mixture EO and EHO at 298 and 338 K. Symbols
denote the experimental measurements by van Lipzig et al.[96], solid, dashed and dot-dashed lines
show the numerical results based on the detailed, skeletal and reduced mechanism respectively.

Laminar burning velocities of the mixture EO (iso-octane/ethanol – 50%/50% by volume
fraction) and EHO (n-heptane/iso-octane/ethanol – 33.3%/33.3%/33.3% by volume fraction)
under initial temperatures of 298 and 338 K are investigated by van Lipzig et al.[96] The
experimental results are shown in Figure 4-22 against the simulation results based on reduced,
skeletal and detailed mechanisms. The figure shows that for mixture EO the skeletal mechanis m
results match the detailed mechanism results and experimental data very well. For mixture EHO,
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the reduced and skeletal mechanisms slightly overestimate the flame speed and the worst-case
error is only around 6%.
Laminar flame speeds have been reported by Dirrenberger et al.[97] for mixtures of 15%
ethanol in volume fraction with TPRF 95.6. These data have been experimentally investigated
under atmospheric pressure and initial temperature of 358 K. The numerical results using the
reduced, skeletal and detailed models are compared with the experimental measurements in Figure
4-23. For the lean and stoichiometric conditions, an excellent agreement can be observed between
experiments and simulations. While for rich conditions, there exist acceptable deviations between
the reduced, skeletal and detailed mechanisms.

Figure 4-23. Laminar flame speeds for mixtures of 15% volume fraction ethanol with TPRF 95.6
under atmospheric pressure and initial temperature of 358 K.

4.3.2. Validations in SI Engine Simulations
The obtained 165 species skeletal mechanism was further validated

against the

experimental data in predicting the critical compression ratio (i.e., CR at knock onset) under
RON/MON conditions, for PRF60 and PRF80 blends in a CFR engine. The simulation results and
78

discussions were obtained from Dr. Pinaki Pal at Argonne National Laboratory [111]. A
commercial 3D CFD code, CONVERGE (version 2.3) [112], was used to perform the numer ica l
simulations and the hybrid approach combining G-equation and multi- zone [113] models was
employed for combustion modeling.
In order to differentiate between knocking and non-knocking cases, the criterion of a
threshold knock intensity (KI) was employed. Based on previous studies [114,115], a value of 0.5
bar was used so that KI>0.5 bar corresponded to a knocking condition. KI was quantified using
the maximum amplitude of pressure oscillations (MAPO) [116]. To determine MAPO, the local
pressure trace at the monitor point placed near the edge of the combustion chamber was considered
for knock characterization, since it has the highest peak pressure fluctuation based on observations.
Fast Fourier transform of the local pressure trace was calculated and higher frequencies in the
range 4–20 kHz [117,118] (relevant to knock) were filtered out using a band-pass filter.
Subsequently, the knocking pressure was obtained by computing the inverse fast Fourier transform
of the filtered pressure signal and its maximum absolute value was defined as the MAPO.
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Figure 4-24. Local in-cylinder pressures for stoichiometric PRF60/air at different CRs under RON
condition

Figure 4-25. Pressure oscillations at different CRs under RON condition for stoichiometr ic
PRF60/air.

Figure 4-26. Local in-cylinder pressures for stoichiometric PRF80/air at different CRs under RON
condition
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Figure 4-27. Pressure oscillations at different CRs under RON condition for stoichiometr ic
PRF80/air.

Figure 4-24 depicts the temporal evolution of local in-cylinder pressure for stoichiometr ic
PRF60/air with CR range from 5.35 to 5.65 under RON operating condition. It can be seen that a
clear transition from no knock to knock occurred with an increase in CR. The results of the
corresponding MAPO analysis in Figure 4-25 show that KI = 0.16 bar for CR = 5.5 and KI = 1.38
bar for CR = 5.6, indicating that the critical CR would lie in between these two CRs. On the other
hand, the experimental value of critical CR is 5.55, which also falls in the same CR interva l,
indicating that the numerical results are in good agreement with experiments within the uncertainty
of 0.1 CR units. The local pressure traces corresponding to the parametric cases corresponding to
stoichiometric PRF80/air at RON condition are presented in Figure 4-26. Furthermore, it is
observed in Figure 4-27 that the critical CR is bracketed by CR = 6.1 (KI = 0.44 bar) and CR =
6.15 (KI = 0.81 bar), whereas the corresponding experimental value is 6.11, indicating, the
transition to knock is again predicted very well, within the uncertainty of 0.05 CR units. Similar
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trends were observed for the two PRF blends under MON conditions as well, with the numer ica l
values of critical CR corresponding well to the experiments.
The numerical study in this subsection demonstrates that the skeletal model is able to
capture the critical compression ratio for different fuels (PRFs in this case) and under differe nt
operating conditions (RON and MON).

4.4. Conclusions
In the present study, compact 118-species reduced mechanism and 165-species skeletal
mechanism were developed from the detailed LLNL mechanism, for gasoline and gasoline/etha no l
blend surrogates, employing the DRG, DRGASA, isomer lumping and LQSSA reduction
techniques, under a wide range of temperature, pressure and equivalence ratio conditions,
including low-temperature ignition in the NTC region.
Validations of the reduced and skeletal mechanism were performed against the detailed
mechanism and the available experimental data in ignition delay time and laminar flame speed.
Reasonable accuracy was observed for the reduced and skeletal mechanism despite the large extent
of reduction by almost a factor of around 10. Furthermore, the skeletal model was shown to
accurately capture the critical compression ratio measured by the experiment under RON/MON
conditions, for PRF60 and PRF80 blends in a CFR engine. The above satisfactory validatio n
results demonstrate the suitability of the reduced and skeletal models for engine simulations.
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Chapter 5. Skeletal Mechanisms for Gasoline/Bio-blend-stock Surrogates and an Upgraded
Solver for Chemical Integration
5.1. Introduction
As introduced in Chapter 1, fossil fuel is dominant in energy generation at present and in
the foreseeable future. However, as a non-renewable energy source, the formation of fossil fuel
requires millions of years, and based on current consumption rates it is estimated that fossil fuel
resources will be depleted in about 60 years [1]. Renewable and clean alternative fuels have
received increasing attention as a means to mitigate the problem. Among the clean energy sources,
biofuels are a promising replacement of fossil fuels because it is sustainable and commonly
available. As reviewed in section 1.2.4, new bio-based fuels are one of the focuses in the CoOptima
research and eight candidate bio-blend-stocks shown in Figure 1-4 were identified for further
assessing by using engine simulations.
To investigate whether octane numbers are sufficient to describe a fuel’s knock-limited
performance under boosted SI conditions regardless of the fuel’s chemical compositions, three
bio-blend-stocks including di-isobutylene (DIB), anisole and iso-butanol were selected in the
engine simulations. The composition of the corresponding TPRF/bio-blend-stock surrogates,
henceforth referred to as DIB30, Isobutanol10, and Anisole20, respectively, are listed in Table
5-1. However, the detailed mechanism for transport fuels developed by LLNL consists of 2878
species and 12839 reactions [74], such that, the mechanism reduction is necessary to allow for the
compressive detailed chemistry to be applicable in 3-D engine combustion CFD.

Table 5-1. Volume composition of the gasoline/bio-blend-stock surrogates
(Vol%)
iso-octane

DIB30
28.55

Isobutanol10
49.83
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Anisole20
29.02

n-heptane
toluene
DIB
iso-butanol
anisole

17.47
23.98
30.00
0
0

10.76
29.41
0
10.00
0

14.23
36.75
0
0
20.00

In the present study, separate mechanisms were developed by using DRG, LEP and
sensitivity analysis for different TPRF/bio-blend-stock surrogates to minimize the number of
species and reactions in each skeletal mechanism. To accelerate the ignition delay evaluatio ns
during the sensitivity analysis, an upgraded solver which utilizes the analytical Jacobian and sparse
matrix operations was developed. Lastly, the obtained skeletal mechanisms were validated against
the detailed mechanism in ignition delay time, extinction residence time and flame speed.

5.2. Methodology
The reductions were based on a large set of reaction states sampled over the parameter
range of pressure from 1 to 80 atm and equivalence ratio from 0.8 to 1.2. For the extinctio n
applications an inlet temperature of 700 K is used for perfectly stirred reactors (PSR), and for the
ignition applications initial temperatures range from 600 to 1600 K are used for auto-ignitio n,
covering the low-temperature chemistry which is important for engine combustion.
DRG features a linear reduction time, such that it is highly efficient in reducing extremely
large mechanisms, therefore was employed as the first step in the present reduction. H radical was
selected as the starting species and the worst-case error tolerance was set to be approximately 30%.
Then LEP is applied in species elimination to minimize the species for sensitivity analysis.
In LEP, the PSR reaction states are sampled with inlet temperatures range from 600 to 1600 K
including both the ignition and extinction states and a 0.1 threshold is specified in H radical.
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Subsequently, to achieve the largest extent of reduction, sensitivity analysis, which
measures the actual reduction errors, is implemented, such that species can be safely removed if
the measured error is smaller than the user-specified threshold value. In the sensitivity analysis,
the parameters of interest e.g. ignition delay time and extinction residence time of PSR, are directly
targeted, and a worst-case relative error of 20% was specified in the present reductions, such that
the obtained skeletal mechanisms remain high accuracy.
The challenge in sensitivity analysis is the time consuming iterative evaluation of the target
global parameters, especially ignition delay time for large-sized mechanisms. A single ignitio n
delay time evaluation of a mechanism with around 1000 species takes tens of minutes while using
the commonly used SENKIN program [119], such that the entire sensitivity analysis can take up
to several months even with parallelization.
The most time-consuming parts of a typical implicit solver for auto-ignition problems, e.g.
SENKIN, are the Jacobian evaluation and the LU factorization in solving the linear system. The
time complexity of the Jacobian evaluation using the brute force numerical perturbation and LU
factorization are O(K 2 ) and O(K 3 ) respectively, where K is the number of species in the
mechanism. Since the Jacobian evaluation involves enormous exponential evaluations in
computing the reaction rate, it dominant the solver time, therefore the overall time complexity of
the solver is O(K 2 ).
To accelerate the integration solver, the analytical Jacobian can be applied to speed up the
Jacobian matrix evaluations. Analytical Jacobian evaluation subroutines can be automatica lly
generated for any specific mechanism by an in house generator and have shown to achieve a linear
time complexity [80]. However in the sensitivity analysis due to the change in the species and
reactions, it is inflexible to dynamically generate mechanism-specific Jacobian evaluatio n
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subroutines. Therefore, a general subroutine, which can be applied to any mechanism, compatible
with the CHEMKIN data structure, is developed to analytically evaluate the Jacobian matrix given
the CHEMKIN workspace of the mechanism and the reaction state including species mole
concentration and temperature.
Both the general Jacobian subroutine and the mechanism-specific Jacobian subroutine can
accurately evaluate the Jacobian matrix with different advantages. The former can be applied to
any mechanism, which is more feasible. Therefore, it suits better in the sensitivity analysis where
the mechanism is perturbed or the dynamic adaptive chemistry (DAC) [120] where skeletal
mechanisms are generated based on local conditions.

On the other hand, the latter is

computationally faster due to the optimized reaction coefficient evaluations. Such that it is
preferred when the mechanism is fixed, for example, post-processing or simulations with a
consistent mechanism.

Figure 5-1. The sparsity structure of the Jacobian of the detailed mechanism.
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It is further observed that the Jacobian matrix is highly sparse especially for large
mechanisms, for example, the sparsity structure of the Jacobian matrix for the 2878 species
detailed mechanism is displayed in Figure 5-1, where the black and white pixels indicate nonzero
and zero values respectively. To achieve the largest extent of sparsity, the density and total mole
concentration are assumed to be functions of temperature only [121]. It can be observed in Figure
5-1 that only a small portion of the Jacobian contains nonzero values, therefore a sparse ordinary
differential equations (ODE) solver LSODES [122] can be applied to improve the computatio na l
efficiency. Compared to LSODE [123], LSODES determines the sparsity structure of the Jacobian
matrix and uses parts of the Yale Sparse Matrix Package (YSMP) [124] to solve the linear systems
that arise, by a sparse (direct) LU factorization method.
After applying the upgraded solver which is a combination of LSODES and the analytica l
Jacobian subroutine, the computational time of sensitivity analysis is dramatically reduced, for
example from months to several days for the present reduction works. Lastly skeletal mechanis ms
with 150, 121, 129 species, henceforth referred to as sk150, sk121, and sk129, are obtained for
DIB30, Isobutanol10, and Anisole20 respectively.

5.3. Results and Discussion
5.3.1. Performance of the Upgraded Solver in Auto-ignition
LSODES with analytical Jacobian is compared with LSODE with numerical Jacobian in
constant pressure auto-ignition with nine different mechanisms (from 32 to 2878 species) listed in
Table 5-2. Involved flame conditions, including fuel, pressure, equivalence ratio, and initia l
temperature in auto-ignition are also shown in Table 5-2. The simulation time for auto-ignition is
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five times the ignition delay. All the numerical codes are implemented in FORTRAN and compiled
with the Intel FORTRAN Compiler and tested on Intel CPUs.

Table 5-2. Mechanisms tested in the Jacobian evaluations.
Number of
Species

Number of
Reactions

Ref.

Fuel

Pressure
(atm)

32
111
165
233
339
654
840
1389
2878

206
784
839
959
1690
2827
3606
5935
12839

[125]
[80]
[49]
[13]
[126]
[4]
[127]
[64]
[128]

C2H4
CH4
PRF80
Iso-octane
PRF80
n-Heptane
Iso-octane
PRF80
PRF80

1
1
1
1
1
1
1
1
1

Initial
temperature
(K)
1000
1000
1000
1000
1000
1000
1000
1000
1000

Equivalence
ratio
1
1
1
1
1
1
1
1
1

Average per-step computational costs for LSODE and LSODES, as well as the Jacobian
evaluation using analytical subroutine and numerical perturbation, are shown in Figure 5-2. It can
be observed that the computational time scales as a linear function of the mechanism size for the
analytical Jacobian evaluation while scales as a quadratic function of the mechanism size for the
numerical perturbation. Furthermore, the analytical evaluation is more than two orders of
magnitude faster than the numerical perturbation for mechanisms with more than 100 species. It
is also observed that the numerical Jacobian evaluation dominant the computational time of the
LSODE solver, which thus also scales as a quadratic function of the mechanism size. Furthermore,
it is seen that the overall computational time of the LSODES solver scale as a linear function of
the mechanism size, which can be explained by the fact that the number of the floating-po int
operation for sparse matrix scales as a linear function of the number of non-zero elements in the
matrix [129], which is a linear function of the number of species. Lastly, it is observed that the
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speedup factor can reach more than 100 for a mechanism with more than 1000 species after
applying the analytical Jacobian and sparse matrix technique.

Figure 5-2. Average per-step computational cost of the solvers and the Jacobian evaluations and
the number of non-zero elements in the Jacobian matrix for different sized mechanisms.

5.3.2. Skeletal Mechanism Validations
Since no experimental data for the TPRF/bio-blend-stock blends are available presently,
the obtained skeletal mechanisms were then validated against the detailed mechanism. Firstly the
three mechanisms were validated against the detailed mechanism in homogeneous applicatio ns
including auto-ignition and PSR. The auto-ignition simulations were performed using the
upgraded solver described in section 5.2 and the PSR simulations were performed using
CHEMKIN-II [130].
The left panel of Figure 5-3 shows the ignition delay time as a function of initia l
temperature calculated using the detailed mechanism and sk150 for DIB30/air under differe nt
pressures and equivalence ratios covered in the reduction process, while the right panel of Figure
5-3 further compares the temperature profiles in PSR, calculated at different residence times using
the sk150 and the detailed mechanism.
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Figure 5-3. Ignition delay time of constant-pressure auto-ignition as a function of initia l
temperature (left panels) and PSR S-curves at inlet temperature of 700K (right panels) for
DIB30/air under different pressures and equivalence ratios, calculated with the detailed
mechanism (lines) and sk150 (symbols), respectively.

90

Figure 5-4. Ignition delay time of constant-pressure auto-ignition as a function of initia l
temperature (left panels) and PSR S-curves at inlet temperature of 700K (right panels) for
Isobutanol10/air under different pressures and equivalence ratios, calculated with the detailed
mechanism (lines) and sk121 (symbols), respectively.
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Figure 5-5. Ignition delay time of constant-pressure auto-ignition as a function of initia l
temperature (left panels) and PSR S-curves at inlet temperature of 700K (right panels) for
Anisole20/air under different pressures and equivalence ratios, calculated with the detailed
mechanism (lines) and sk129 (symbols), respectively.

It can be observed in Figure 5-3 that sk150 matches quite well against the detailed mechanis m
under almost all the displayed conditions, with a worst-case error of 19.96% for ignition delay
time and a worst-case error of 14.57% for the extinction residence time in PSR. It is further
observed that the middle branch of the temperature profiles shows relatively larger discrepancies.
92

This is because the current combustion model employed in engine simulations was based on
reaction states sampled from the upper branches as stated in Section 5.2, while the conditions on
middle branches are less relevant to steady-state combustion. Figure 5-4 and Figure 5-5 further
show the ignition delay time and PSR temperature profile validation results for sk129 and sk121.
It can be observed that both sk129 and sk121 show high accuracy in the ignition and extinctio n
problem. The worst-case errors of the three skeletal mechanisms are listed in
Table 5-3, showing that all the three skeletal mechanisms satisfied the 20% error tolerance
specified in the sensitivity analysis.

Table 5-3. Worst case error of the three skeletal mechanisms in different applications
Ignition delay time
sk150 (DIB30)
sk121 (Isobutanol10)
sk129 (Anisole20)

PSR extinction
residence time
14.59%
15.28%
7.99%

19.96%
16.46%
19.92%

Flame speed
6.12%
4.64%
3.08%

Since in engine applications, ignition delay time and flame speed are both of great interest, the
skeletal mechanisms are then further validated against the detailed mechanism in flame speed.
Figure 5-6 depicts laminar flame speeds of DIB30, Anisole20, and Isobutanol10 at different initia l
temperatures under unity equivalence ratio and pressure of 40 atm calculated by the skeletal and
detailed mechanisms. The flame speed computations were performed using a sparse, iterative
flame solver with approximate Jacobian, which has been shown to be two orders of magnitude
faster than commonly used codes [131]. Again, predictions of the skeletal mechanisms agree well
with those of the detailed mechanism, and the worst-case errors are listed in
Table 5-3. It is seen that the worst-case errors are smaller than 7%, showing a very high
accuracy of the skeletal mechanisms.
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Figure 5-6. Flame speeds of DIB30, Anisole20, and Isobutanol10 at different initial temperatures
under unity equivalence ratio and pressure of 40 atm calculated by the skeletal (symbol) and
detailed (line) mechanisms, respectively.

5.4. Conclusion
Three skeletal mechanisms with 150, 121, 129 species for DIB30, Isobutanol10 and
Anisole20, respectively, including low-temperature chemistry, were developed from the detailed
2878-species LLNL mechanism. The reduction was performed using DRG, LEP and sensitivity
analysis. In the sensitivity analysis, a worst-case error of 20% was specified for ignition delay time
and extinction residence time in PSR. To expedite the iterative ignition delay evaluations in the
sensitivity analysis, an upgraded solver, which is a combination of LSODES and the analytica l
Jacobian subroutine, was utilized to achieve linear-time integration, resulting in a speedup factor
of about 100, and the reduction time is dramatically reduced.
Comprehensive validations of the skeletal mechanisms against the detailed mechanis m
were next carried out to guarantee their chemical fidelity. The skeletal mechanisms were shown to
be versatile and robust since they perform satisfactorily in predicting the ignition delay, extinctio n
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residence time and flame speed. As such these skeletal mechanisms are suitable for accurately
capturing end-gas auto-ignition, knocking, as well as flame propagation characteristics in engines.
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Chapter 6. Summary and Future Work
The present research was conducted to develop improved reduction strategies and generate
accurate reduced mechanisms of gasoline,

gasoline/ethanol,

and gasoline/bio-blend-stock

surrogates for 3-D SI engine simulations. The study is motivated by the extreme sizes of the
detailed mechanisms of practical engine fuel surrogates involving thousands of species, and thus
the detailed mechanism is prohibited from being directly applied in multi-dimensional engine
simulations. Skeletal and reduced mechanisms are therefore developed to enable high fidelity
engine simulations that require accurate chemistry to understand complex engine combustion
phenomena and to further optimize the engine design to achieve higher efficiency and lower
emissions.
First, a method of LEP based on Jacobian analysis is developed for systematic skeletal
mechanism reduction. LEP is based on Jacobian analysis to estimate the reduction error in selected
target species induced by the elimination of other species. Skeletal mechanisms are obtained by
eliminating species that induce negligible worst-case errors to the target species. LEP is compared
with DRG and DRGEP on the accuracy of reduction error estimation. It is shown that DRG can
effectively control the worst-case error of every species in the skeletal mechanism by assuming
that error may not decay in the worst cases along the graph-search paths, while it tends to
overestimate the errors in the starting species in average cases, which may retain unnecessary
species. As a result, the skeletal mechanism can typically be further reduced if only the starting
species are of interest. In contrast, DRGEP assumes geometric error decay along graph-search
paths and may overestimate the error decay and subsequently underestimate the reduction errors
in species far away from the starting species, resulting in potentially unsafe species-eliminatio ns.
Compared with DRG and DRGEP, LEP can overall more accurately estimate the errors in the
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target species such that smaller mechanisms can be obtained compared with that from DRG, while
unsafe species eliminations are less likely compared with DRGEP. To demonstrate the
performance of the LEP method, skeletal mechanisms are derived based on steady-state PSR
solutions sampled along the S-curves, including both the ignition and extinction reaction states. A
35-species skeletal mechanism is obtained for ethylene/air based on the 111-species USC-Mech
II, and a 146-species skeletal mechanism for n-heptane/air is obtained based on a 188-species
skeletal mechanism previously developed using DRG. Validation of global flame behaviors, such
as PSR ignition and extinction residence time, auto-ignition delay, and laminar flame speed, shows
no significant errors further induced by LEP. It is further shown that reaction states sampled from
PSR alone, including both the extinction and the ignition turning points, can be adequate to develop
reduced mechanisms involving both the fast flame chemistry and the slow ignition chemistr y,
while such reaction states were sampled from both PSR and auto-ignition in previous studies.
Steady-state PSR provide a simple and effective approach to study ignition and extinctio n
limits of continuous flow combustors, which are associated with the lower and upper turning points
on the S-curves, respectively. The turning points are typically obtained by using marching-based
methods such as arc-length continuation. However, the marching-based solution methods are
rather computationally involved and may not be suitable when high computational efficiency and
accuracy are required. Therefore, a direct method is developed to accurately and efficie ntly
compute the turning points of PSR by transforming the local optimization problem to solving a set
of algebraic equations using Lagrange multipliers. The new set of equations are formulated with
the analytic Jacobian of the original PSR equations to achieve adequate accuracy and high
numerical efficiency. The direct method is then compared with the continuation method in
obtaining the turning points of PSR. It is shown that the direct method can be significantly more
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efficient with the accuracy controlled by the Newton solver. Furthermore, an analytical method is
proposed to effectively and accurately evaluate the sensitivities of the steady-state PSR solutio ns.
The analytical method is then compared with the numerical perturbation method, demonstrating
its validity. The ignition and extinction residence time sensitivities are subsequently compared
with the sensitivities of ignition delay time and laminar flame speed. Results show that the
reactions controlling the ignition residence time in PSR and ignition delay time are similar, and
dominant reactions to the extinction residence time are also important to the flame speed.
Therefore the ignition and extinction states of PSR can capture important chemistries to the
ignition process and strongly burning flames, which further indicates that by sampling PSR only
covering both the ignition and extinction states, controlling kinetics can be identified and
comprehensive mechanisms can be obtained by the reduction process.
Then a compact skeletal chemical kinetic mechanism with 165 species and 839 reactions
and a 118 species reduced mechanism with lumped reactions were developed for gasoline and
gasoline/ethanol surrogates, where TPRF comprised of iso-octane, n-heptane, and toluene serves
as the gasoline surrogate. DRG, DRGASA, isomer lumping and LQSSA techniques were
employed to reduce the detailed mechanism containing 1389 species and 5935 reactions. Eleven
fuel surrogates with different compositions of the TPRF and ethanol components were selected in
the sampling process, covering a wide range of octane number and octane sensitivity, such that the
skeletal mechanism could be applied to almost all practical gasoline fuels and mixtures of gasoline
and ethanol. The reduction was performed for the pressure range of 1-100 atm and equivale nce
ratio in the range 0.5-1.3, with respect to both homogeneous auto-ignition delay and extinctio n
residence time in perfectly stirred reactors. In addition, the initial temperature range considered
for auto-ignition was 750-1800 K, thereby incorporating low-temperature chemistry. The
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developed reduced and skeletal mechanisms were extensively validated against the detailed
mechanism as well as experimental data available in the literature, including ignition delays and
laminar flame speeds for a wide range of surrogate composition since in the SI engine simulatio ns
ignition delay time and flame speed are of great interest. Good agreements were observed despite
the large extent of reduction by almost a factor of 10. The skeletal model was further validated in
predicting the critical compression ratio under RON/MON conditions, for PRF60 and PRF80
blends in a CFR engine. The numerical values of the critical compression ratio agree well to the
experiments, demonstrating that the skeletal model is suitable for CFD simulations of engine
combustion.
Engine simulations of gasoline/bio-blend-stock surrogates provide a means to optimize
engine designs and identify efficient bio-blend-stocks to blend with gasoline. In the present study,
three highly reduced skeletal mechanisms for TPRF/DIB, TPRF/Anisole and TPRF/iso-butano l,
respectively, were developed for engine simulations by subsequently applying DRG, LEP and
sensitivity analysis based on the 2878-species detailed LLNL mechanism. The reductions were
based on a large set of reaction states sampled over the parameter range of pressure from 1 to 80
atm, equivalence ratio from 0.8 to 1.2, inlet temperature of 700 K for PSR, and initial temperature
from 600 to 1600 K for auto-ignition, covering the low-temperature chemistry which is important
for engine combustion. The most time-consuming step in the sensitivity analysis is the iterative
evaluations of ignition delay time. To speed up the reduction process, an upgraded solver based
on LSODES and analytical Jacobian was employed, such that the overall integration time using
the upgraded solver scales as a linear function of the mechanism size. In contrast, the previous
integration solver based on numerical Jacobian has a quadratic time complexity. For mechanis m
with more than 1000 species, a speedup factor of more than 100 can be achieved, such that the
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computational time for sensitivity analysis is dramatically reduced, for example from several
months to several days in the present case. The skeletal mechanisms were then validated against
the detailed mechanism in auto-ignition delay time, extinction residence time of PSR and laminar
flame speed. Good agreement between the skeletal mechanisms and detail mechanism indicates
that the highly reduced skeletal mechanisms are suitable for engine simulations of TPRF/bioblend-stock surrogates.
The present study can be extended in the future in the following aspects. 1) Application of
LEP in on-the-fly mechanism reduction. 2) Applying the direct method in evaluating the extinctio n
and/or ignition residence time based on the local mixture compositions to provide the critical
mixture timescales for advanced turbulent combustion modeling. 3) Further reducing the skeletal
mechanisms for engine fuel surrogates to less than 50 species for DNS applications. New reduction
strategies will be required for this purpose.
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